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Real time or rapid structural health monitoring (SHM) enables immediate post-event 
assessment of the damage state and health condition of civil structures, particularly for 
critical infrastructure, such as a hospital, fire station, power plant and bridge, which are 
needed most after an earthquake. They thus offer reliable information for deciding if the 
structure can continue to be used, and enable more optimum recovery planning and costs. 
Hence, such methods provide benefits in terms of assessment and recovery from major 
earthquake events. 
 
This thesis examines structural health monitoring from a unique perspective. A model-free 
hysteresis loop analysis (HLA) is developed for damage identification and structural health 
monitoring of civil structures subjected to earthquake excitations. The HLA method 
developed within this research is based on the hypothesis testing and statistical analysis of the 
reconstructed hysteresis loops to identify the physical parameters that are directly related to 
structural damage and condition. This approach avoids constraints to a single or fixed model, 
and is implicitly based on fundamental underlying structural mechanics. It thus provides a 
novel and computationally efficient means to accurately detect, localize and quantify 
structural damage for different types of hysteretic structures during or immediately after an 
earthquake. Importantly, this thesis provides significant experimental validations on the 
performance of the method to different types of dynamic response, particularly for highly 
nonlinear hysteretic behaviours. In addition, the effectiveness of the HLA method is also 
compared to any of the vibration-based and model-based methods using calibrated numerical 
models. Finally, real data form a base-isolated building is also used to validate the method 
and its utility. 
 
ii 
The SHM results on both reinforced concrete (RC) frame experimental structures indicate the 
HLA method is capable of detecting and assessing the damage location and severity 
accurately for realistic highly nonlinear RC structures by tracking the evolution of the elastic 
stiffness of significant half cycles with full dynamic response. More importantly, the method 
also offers the ability to identify stiffness degradation and damage that may not be evident by 
external visual appearance. In addition, the extraction of the effective linear stiffness using a 
multiresolution wavelet analysis (MRA) provides a further useful tool to characterize 
structural deterioration for more common small events. 
 
Comparison of the SHM results between the model-free HLA method and the model-based 
adaptive LMS filters show that the HLA algorithm is more effective that the model-based 
method in identifying RC structures with highly nonlinear and variable pinching and/or 
rocking behaviours. The results also highlight the need for model-based methods to have an 
appropriate model that can capture the observed response, in order to yield accurate results, 
even in small events where the structure remain linear. 
 
Overall, this thesis develops an efficient HLA-based SHM method to ensure a rapid 
assessment of the structural damage and safety during or immediately after an earthquake. 
Significant validation is implemented against both experimental and simulation data of 
realistic RC structures, as well as real data from a base-isolated building, which thus clearly 
demonstrate the advantages of this approach over other traditional SHM methods. 
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Chapter 1: Introduction 
1.1 Background 
Thousands of earthquakes occur across the world each year (USGS, 2012). Many are quite 
small, but some few can be destructive and cause grave loss of lives. The majority of the 
deaths and injury that result are due to building collapse (Coburm et al., 1992). For instance, 
the 1995 Kobe earthquake (Magnitude 6.9), which was the worst earthquake in Japan since 
the 1923 Great Kanto earthquake, killed 6,279 people, and nearly 90% of the deaths occurred 
as a direct result of building collapse (Tierney and Goltz, 1997). These collapsed buildings 
can be obviously discovered by visual inspection and subsequently demolished after the 
earthquake.  
 
However, most buildings and infrastructures are designed to withstand strong ground shaking 
and remain standing after the main shock. Only local damage may have exist and is not 
always visible after a major event. Importantly, such local damage may have a great impact 
on the overall health or state of the structure, which can increase the potential risk of building 
collapse and loss of lives in an aftershock or new event in the future. In addition, structures 
may also be weakened by a foreshock earthquake event, and could thus have insufficient 
capacity for seismic resistance as designed in the following main shock. In both cases, it 
would be useful to understand the current state of a structure to a level of detail that allows 
effective decision making around building use and/or retrofit. 
 
In the 2010-2011 Christchurch earthquake series, Christchurch was struck by a 7.1 magnitude 
earthquake on 4 September 2010. Fortunately, there were no deaths directly attributed to this 
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event, although this main shock caused widespread damage to the structures in the city. 
However, after several smaller aftershocks, a strong new major event with a magnitude of 6.3 
occurred on 22 February 2011, which resulted in more severe damage and even collapse to 
the structures already weakened by the previous event, and killed 185 people (Davey, 2011). 
Therefore, it is important to determine the damage state of the structure immediately after any 
earthquake to decide if the structure has a sufficient resistance capacity for any subsequent 
event, and thus enable more optimal safety assessment and recovery planning. This need is 
particularly important for critical infrastructure, such as hospitals, fire stations, power plants 
and bridges, which are needed most after an earthquake.  
 
Structural health monitoring (SHM) refers to the in situ, non-destructive sensing and analysis 
of structural response for the purpose of detecting the existence, location and degree of 
damage that may exist, particularly after a damaging input, such as an earthquake or other 
large environmental load (Housner et al., 1997). Given reliable condition assessment, two 
important benefits can be expected: (1) to avoid catastrophic accidents by detecting structural 
deterioration before major earthquake events; and (2) to ensure more rapid and safe return to 
normal use for critical infrastructure and business after an earthquake event. Current SHM 
methods, to date, cannot provide the resolution or accuracy necessary to achieve these 
outcomes for a wide range of, in particular, nonlinear structures. 
 
Thus, the main aim of this research is to develop a novel and highly simplified method for 
damage detection, localization and severity assessment by identifying the physical parameters 
of structure during the earthquake.  
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1.2 Current SHM State of the Art 
The literature for damage detection and structural health monitoring in civil engineering is 
quite broad and wide ranging. Non-destructive evaluation (NDE) methods, including acoustic 
or ultrasonic signals, electromagnetic, radiography and radar testing, is one of the  important 
components of structural health monitoring for civil engineering structures (Chang and Liu, 
2003). NDE methods can be applied without inducing any excitation to the structure.  
However, these methods require direct human access to the structure, which is not always 
safe during or after an earthquake. In addition, the application of these techniques is time-
consuming and impractical for a quick assessment of large, complex structures, particularly 
after an earthquake. Finally, NDE methods can only detect damage on or near the surface of 
the structure, rather than the global damage due to yielding or loss of stiffness, which are 
desired.  
 
SHM methods using sensor technology and computational data processing algorithms can 
provide more intelligent and detailed information for damage assessment in earthquakes. 
They are also better at turning this data into estimations of current structural properties, 
whose evolution can reflect damage. Therefore, the literature reviewed in this section focuses 
on the development of methods that can detect, locate and quantify damage from measured 
dynamic responses.  
 
Many current SHM methods using sensor measurements are based on the identification of the 
changes in modal properties, including natural frequency, mode shapes and modal damping 
(Doebling et al., 1996; Yan et al., 2007; Zou et al., 2000). The existence of structural damage 
produces a decrease in stiffness and/or increase in damping, which thus leads to a decrease in 
natural frequency and modification of the vibration mode shapes of the structure. Due to its 
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relatively easy measurement, natural frequency has been used to detect damage in many 
research studies (Brincker et al., 2000; Cawley and Adams, 1979; Doebling et al., 1996; Fan 
and Qiao, 2011; Qiao et al., 2012; Salawu, 1997).  However, natural frequency is not often 
sensitive to moderate, but significant amounts of damage, and perhaps more importantly, 
significant damage may also cause very small changes in natural frequency, particularly for 
large structures (Creed, 1987; Kim et al., 2003). In addition, it is difficult to determine the 
location of damage using these approaches because damage at different locations may 
produce the same net change in natural frequency or/and mode shapes, as they are global 
measures of structural status (Pandey and Biswas, 1994; Vafaei et al., 2013).  
 
Other research indicates that changes in mode shape or mode shape curvature are more 
sensitive to local damage than natural frequency, and can be used to better localize damage 
region if damage is located near the points where the change of a mode shape function is 
significant (Khoo et al., 2004; Maia et al., 2003; Pandey et al., 1991; Stubbs and Kim, 1996), 
which is a significant limitation. However, damage is a local phenomenon and may not 
significantly influence mode shapes of the lower modes that are usually measured from 
dynamic vibration of civil structures (Kim et al., 2003). In addition, the measurement 
accuracy of mode shapes is much lower than that of natural frequency because the high 
density sensor placement is required for measuring a complete vibration mode, which is 
difficult and costly to achieve, particularly for complex structures. As a result, mode 
expansion is needed, which may further affect the accuracy of damage detection.  
 
Finally, all these vibration-based methods are theoretically applicable only to structures 
where the dynamic response is primarily linear (Chase et al., 2005a). Thus, nonlinear 
response due to damage may be missed, unless they create significant changes in identified 
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linear behaviour. As a result, these approaches are not necessarily useful for in-event 
monitoring. 
 
Another method, the Eigensystem Realization Algorithm (ERA) is also a common SHM 
approach for damage identification of civil structures (Bernal and Gunes, 2000; Juang and 
Pappa, 1985; Juang and Suzuki, 1988; Lus et al., 2003). The ERA method is based on the 
knowledge of time-domain free response data, which is not always easily segregated from the 
forced response due to ground acceleration after an earthquake event. In the ERA, a discrete 
Hankel matrix is formed, and the state and output matrices for the resulting discrete matrix 
are determined. The resulting vibration-based modal parameters are found by determining the 
eigenvalues of this continuous time system. A least squares approach can then be applied to 
determine the physical parameters of the structure. However, the accuracy of this approach 
depends on the amount of noise present in the measurements, the linearity and resolution of 
the sensors, and the error between the assumed form of the model identified and the actual 
system (Caicedo et al., 2003).  
 
The flexibility-based method is based on the identification of the changes in flexibility matrix 
in which the inverse of the stiffness matrix is used to localize damage in a structure (Bernal, 
2002; Bernal and Levy, 2001; Catbas et al., 2006; Pandey and Biswas, 1994). The damage 
locating vectors in the null space of the flexibility change are estimated from output signals 
without reference to a model of the structure, and then can be used to localize damage by 
inspecting zeros stress fields over damaged region. Hence, it does not rely upon a model or 
assumed behaviour, which can be advantageous. Unlike the stiffness, the flexibility of a 
structure converges rapidly with increasing frequency and a good estimate of the flexibility 
matrix can be obtained from only a few of the lower frequency modes (Pandey and Biswas, 
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1994). However, these approaches require the entire measured (free) response to process and 
identify damage, and thus the results might not be immediately available after an event, 
particularly if human input is required to manage the data and/or process. Hence, they are 
better suited for ambient vibration monitoring. 
 
The classical frequency-domain methods employ fast Fourier transform (FFT) or discrete 
Fourier transform (DFT) to decompose time history of structural response into a set of 
frequency components for damage detection. However, the FFT and DFT cannot capture the 
time-varying features and indicate the time of damage occurrence in a signal because the 
transform is the result of an integration over the entire signal length.  
 
The wavelet transform has proven its ability to overcome the limitations of FFT and DFT, 
and thus been applied extensively for SHM (Balafas and Kiremidjian, 2015; Hera and Hou, 
2004; Hou et al., 2000; Kijewski and Kareem, 2003; Melhem and Kim, 2003; Taha et al., 
2006). The wavelet transform is a linear transform with an adjustable window location and 
size, and can thus provide fine time resolution for long duration signals and fine resolution 
for high frequency signals. Because it does not simultaneously consider the whole record it 
offers the ability to effectively search for specific features associated with damage. Therefore, 
it can determine not only the extent of the damage, but also the time of its occurrence within 
the record. In addition, the wavelet transform isolates the transient high frequency 
components in the top frequency band and the low frequency components are presented as a 
continuous magnitude. Thus, it is very suitable to analyse non-stationary events, such as 
nonlinear, yielding structural response, and construct the needed feature extraction of 
structural damage (Taha et al., 2006). However, the identified wavelet coefficients for 
damage detection are not unique and depend on the wavelet selection for the analysis, and no 
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one class of wavelet can be used for all applications with accurate results (Chang and Shi, 
2010; Ovanesova and Suarez, 2004). Hence, it requires a-prior trial and error to chosen the 
optimal wavelet for the analysis, making this approach not suited for real-time and 
automatically monitoring. 
 
Finite element model (FEM) updating using experimental test analysis has also been used for 
SHM in civil structures (Brownjohn et al., 2001; Brownjohn et al., 2003; Cunha and Caetano, 
2006; Jaishi and Ren, 2005; Kroggel, 1993). The structure is artificially excited using an 
impulse hammer or eccentric dynamic shaker to measure how much displacement, velocity 
or/and acceleration response the structure has at an output DOF, per unit of excitation force at 
an input DOF. (Schwarz and Richardson, 1999). It thus enables a direct identification of 
modal frequency or mode shapes. The mass, stiffness and damping parameters of the FEM 
can then be modified using a number of model updating methods, such as the direct method 
(Berman and Nagy, 1983), iteratively sensitivity based method (Fritzen et al., 1998) and 
response surface method (Ren and Chen, 2010), to obtain better agreement of the dynamic 
characteristics between the FEM and experimental test extraction. However, this approach 
can be difficult to apply for civil engineering structures due to the difficulty in exciting large 
civil structures in a controlled manner. In addition, the dynamic testing is prone to 
uncertainties and significant frequency changes may be identified in these ultra-low 
magnitude input tests due to changes in ambient conditions, rather than the desired 
identification of the existence of damage (Aktan et al., 1994; Brownjohn et al., 2001).  
 
SHM methods based on a physical baseline structural model have also been developed for 
damage identification. Lin et al. (1990) investigated a simulated linear multi degree-of-
freedom degrading system and a least squares method was used to evaluate the stiffness and 
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damping in real time based on measured response with and without noise. Adaptive H∞ filter 
techniques (Sato and Qi, 1998) can also achieve real-time or rapid results. However, they 
require a full response measurements of the system, and perform best for linear systems. 
 
The extended Kalman filter (EKF) algorithm is one of the widely used algorithms for 
nonlinear structures, and it only requires the recorded acceleration response (Hoshiya and 
Saito, 1984; Jeen-Shang and Yigong, 1994; Yang et al., 2006; Zhang et al., 2002). The EKF 
is based on the linearization of the state transition matrix and the observation matrix with 
Taylor series expansions. Thus, for highly nonlinear structures, the accuracy and convergence 
of the estimation depend on the initial guesses of unknown parameters during the 
linearization process (Maruyama et al., 1990; Zhang et al., 2002), which can be significantly 
in error, especially if prior damage exists.  
 
Adaptive least mean square (LMS) filters have used on benchmark problem data (Chase et 
al., 2005a) and also for a nonlinear pre-cast rocking structure (Chase et al., 2005b) to directly 
identify changes in structural stiffness over time by comparing the evolution of the identified 
stiffness matrix of the structure with the undamaged model matrix. Nayyerloo et al. (2011) 
developed a modified LMS-based method to identify both changes in stiffness and plastic 
deflection, making this approach more suitable for highly nonlinear structural responses. 
However, these methods are not as effective for more complex hysteretic pinching behaviour. 
Thus, there are still significant limitations in all these methods that limit the realistic 
nonlinear monitoring. 
 
In addition, many current physical model-based methods were applied to the Bouc-Wen 
model or other linear hysteresis models. There are a very little research on the damage 
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identification of hysteretic systems with pinching behaviour, a sudden loss of stiffness caused 
by the opening or closing cracks and yielding of compression reinforcement, which is 
practically and commonly observed in reinforced concrete structures (Foliente and Noori, 
1996). Such systems are more general and nonlinear, but also more difficult to use with SHM 
as a result. Hence, this field still lacks solutions that are generalizable enough. 
 
More specifically, Kunnath et al. (1997) used a modified Gauss-Newton approach to 
determine the hysteretic control parameters of an extended Bouc-Wen model with pinching 
behaviour. The identified parameters can reproduce the experimental results of beam 
components, column components and assemblages of beam-column joints with reasonable 
accuracy. Zhang et al. (2002) compared three identification algorithms based on the simplex, 
extended Kalman filter and generalized reduced gradient methods to determine the control 
parameters of a degradation and pinching model. Both the simplex and generalized reduced 
gradient were not stable in the presence of noise indicating practical unidentifiability 
(Docherty et al., 2011), while the extended Kalman filter algorithm was the most effective, 
but with high computational cost. Li et al. (2004) used bootstrap filter techniques to estimate 
the parameters of a slip-lock pinching model. The method requires a crucial initial inputs and 
is not robust in the presence of high noise. Wu and Smyth (2008) used an unscented Kalman 
(UKF) filter to identify the on-line hysteretic differential models with degradation and 
pinching. The proposed UKF procedure was capable of on-line parametric system 
identification. However, slow or incorrect convergence of identified parameters occurred 
with the addition of noise in measured acceleration records. Hence, there remains a need for a 




Finally, these model-based techniques can perform effectively when the numerical model is 
suitable to represent the real system. However, they can produce erroneous or misleading 
results when the model is not well defined (Chase et al., 2005b; Yao and Pakzad, 2014). 
Hence, if a good baseline model is unavailable, there is a significant, but unknown, risk of a 
poor identification result, since ground truth is not fully known, and this result would not 
necessarily be obvious or clearly untrue.  
 
Another class of SHM methods are nonparametric or model-free approaches that map the 
inputs and outputs to the structure by a set of equations that may not have any explicit 
physical meaning (Lozano‐Galant et al., 2013). These methods mainly take modern signal-
processing techniques and artificial intelligence as analysis tools (Yan et al., 2007). The 
system is trained to approximate an arbitrary continuous function that represents a physical 
structure and predict the structural response, which is particularly effective for large-scale 
structures due to their complicated nonlinear behaviour and the incomplete, incoherent, and 
noise-contaminated measurements of structural response under extreme loadings (Adeli and 
Jiang, 2006).  
 
The most common and representative of nonparametric SHM methods is neural networks 
(NN) (Elkordy et al., 1993; Flood and Kartam, 1994; Graf et al., 2012; Rajasekaran et al., 
1996; Smith and Chase, 1994; Story and Fry, 2014; Wu et al., 1992). The NN is composed of 
three layers, an input layer, a hidden layer and an output layer, with a number of parallel 
operating processors called neurons. The input-output relationship of each neuron is 
represented by connection weights and can be obtained using a training algorithms. The great 
majority of the civil engineering applications of NN training algorithms is based on the use of 
back propagation (BP) primarily due to its simplicity (Adeli, 2001). The BP algorithm uses a 
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gradient descent method to modify weight and threshold so that the error between the desired 
output and the output signal of the network is minimized (Funahashi, 1989). Hence, the 
connection weights can be captured and stored in the trained NN when the iterative process 
converged. The output of a well and broadly trained model can then yield the location and 
severity of the structural damage for any novel or new input. However, a poorly trained 
model may lead to inaccurate results when the training data is incomplete or corrupted, and 
converging towards a global optimum in training and convergence speed are not guaranteed 
with a limited set of training samples, as is often the case for civil structures (Cao et al., 1998; 
Sirca Jr and Adeli, 2012). 
 
NN techniques combined with wavelet transforms (WNNs) have also been developed for 
more powerful and efficient SHM methods. Hung et al. (2003) used a WNN to model the 
dynamic behaviour of a five-story test frame subjected to earthquake excitations in a shaking 
table test. The nonlinear autoregressive moving average with exogenous (NARMAX) model 
based on a wavelet functions is used to represent the nonlinear discrete system, and the WNN 
model is trained using the quasi-Newton algorithm that is similar to the BP procedure. The 
health condition of the building is identified by comparing the measured response and the 
computed response from the well trained WNN model. Jiang and Adeli (2005) also 
developed a dynamic fuzzy wavelet neural networks (WNN) for nonlinear identification of 
two high rise moment resisting buildings. The discrete wavelet packet transform is first used 
for feature extraction and denoising before the state space vector is constructed for the 
dynamic system. The fuzzy WNN model is then created using the fuzzy wavelets and trained 
using an adaptive Levenberg-Marquardt least squares algorithm. Finally, a backtracking 
inexact linear search algorithm is used to update the steepest decent iteration step length for 
accelerating the training convergence rate and achieving high computational efficiency.  
12 
Genetic algorithms (GAs) are another powerful adaptive optimization method for damage 
identification. The application of GAs is computationally simple because it is not limited by 
restrictive assumptions about search space, such as continuity or existence of derivatives 
(Rajeev and Krishnamoorthy, 1992; Whitley et al., 1990). In addition, a GA searches from a 
population of points in the region of the whole solution space, rather than a single point, and 
can thus obtain the global optimum solution of non-convex problems, which is a major 
advantage (Hao and Xia, 2002). Chou and Ghaboussi (2001) presented a method to detect the 
location and severity of damage using a GA. The material properties is obtained in the GA 
strings using a limited number of measured displacements. The unmeasured displacements 
are also determined by the GA based method to avoid the need for complete finite element 
analyses. The optimal solutions for both the possible damage and unmeasured displacements 
are successfully identified using an implicit redundant representation (IRR) GA. 
 
Perera and Torres (2006) studied an optimization approach to predicted the location and 
severity of damage represented by a decrease in stiffness at element level. A fitness 
evaluation function considering the estimated and the measured response is defined to obtain 
the optimal value. The GA successfully identified the damage of both simulated and 
experimental beams with different damage scenarios by minimizing the objection function 
using the modified total modal assurance criterion (MTMAC) with the frequency 
incorporated into the criterion. However, the algorithm is not robust in real applications when 
noise is present and modal data are incomplete. 
 
The hysteresis loop identification algorithm at the center of this work has significant 
advantages compared to the traditional SHM model-based and non-parametric algorithms that 
are based on matching the time history of response, because no differential equations need to 
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be solved to evaluate the modelling errors (Cifuentes and Iwan, 1989; Xu et al., 2014; Zhou 
et al., 2014; Zhou et al., 2015; Zhou et al., 2015; Zhou et al., 2015). The reconstructed 
hysteresis loops were initially used as a rapid visual qualitative indicator of system 
performance. Secant stiffness was deduced from the reconstructed hysteresis loops to 
determine the occurring of degradation and damage (Stephens and Yao, 1987). Hence, they 
are based on fundamental mechanics, but not necessarily limited to a model structure. 
 
Recently, real-time data acquisition from a instrumented structure has become a readily 
possible reality with the significant development of innovative sensors, including fibre optic 
sensors (Chan et al., 2004; Ko and Ni, 2005; Mufti et al., 1997), wireless sensors (Lynch et 
al., 2004; Spencer et al., 2004), piezoelectric sensors (Baptista et al., 2012) and  force 
balanced accelerometers that are specially designed for installation in civil structures for 
commercial monitoring system (Hsieh et al., 2006; Lynch et al., 2003). Based on these new 
sensor technologies, a near real time SHM system using reconstructed hysteresis loops called 
R-SHAPE was first applied to the Millikan Library Building (Iwan, 2002; Iwan et al., 2013). 
The hysteresis loops for each floor were established in near real time from data obtained 
during the earthquake, and the general shape of the reconstructed hysteresis loop were 
examined quickly as an indicator of the type of structural behaviour. However, they did not 
directly identify linear and nonlinear behaviour, and thus did not quantify damage severity. 
 
Xu et al. (2014) developed a regression analysis based algorithm for the damage 
identification of a based-isolated structure using reconstructed hysteresis loops. A direct 
multiple linear regression analysis is used for the identification of the linear superstructure 
and a two-step regression analysis is proposed for the nonlinear isolation layer. The SHM 
algorithm is applied to a numerical three-story isolated building and yields accurate 
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estimations of elastic, post-yielding stiffness, yielding displacements and damping 
coefficients of the nonlinear isolation system.  However, this regression analysis cannot be 
implemented automatically and cannot be applied to highly nonlinear structures with 
pinching behaviour. 
 
1.3 Objective and Scope 
The overall objective of this study is to develop a novel, and computationally and 
conceptually simple SHM method, based on hysteresis loop analysis (HLA), to identify the 
physical parameters that are directly related to structural damage and condition. The proposed 
HLA method is capable of accurately localizing and quantifying damage for different types 
of civil engineering structures in both elastic and nonlinear response regimes. In addition, the 
method requires no user input and could thus be automated and performed immediately after 
an event effectively in real-time for end-users, as well as during an event. Finally, the HLA 
method is computationally efficient and robust in the presence of measurement noise. It will 
thus be accurate, simple and entirely general. 
 
Numerical simulation is implemented to develop the algorithms and evaluate their 
performance to various hysteretic behaviours in the presence of different levels of added 
noise. Experimental validation is investigated using both a single-bay 12-storey and a two-
bays reinforced concrete frame buildings subjected to a sequence of different levels of 
earthquake events that lead to both linear and more complex nonlinear behaviours. The 
performance of the model-free HLA method is then compared to a known model-based 
adaptive least mean squares (LMS) method to demonstrate the robustness and effectiveness 
of different algorithms in damage identification of MDOF structural systems with different 
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dynamic behaviours during earthquakes. Finally, the seismic performance of the base-isolated 
Christchurch Women’s Hospital (CWH) building is investigated using the HLA method, and 
further validated using a modified Guass-Newton method against a 4-DOF linear shear force 
model. The study focuses on several main areas:  
 
• Method development for physical parameter identification of simulated flag-shaped 
hysteretic system and highly nonlinear pinched hysteretic to achieve real time or rapid 
structural health monitoring during or after earthquakes. 
• Experimental validations of the performance of the HLA algorithm for different types 
of hysteretic behaviours. 
• Performance comparison between the HLA algorithm and other known SHM 
algorithms using experimental structure and numerical models. 
• Performance evaluation of a based isolated hospital building in Christchurch during 
two major earthquakes in 2011. 
 
1.4 Chapter Overview 
Chapter 2 presents the development of a parameter identification method for a flag-shaped 
hysteretic system based on hysteresis loop analysis (HLA) using overall least square method 
and log likelihood ratio test. The robustness of the proposed method is also demonstrated 
using different levels of added measurement noise and a suite of twenty earthquake records. 
 
Chapter 3 presents the development of a general HLA SHM method for the identification of 
highly nonlinear hysteretic system with pinching behaviour. The performance of the proposed 
HLA method is evaluated using a simulated pinched model with variable pinching behaviour, 
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noise level and damping ratio assumption.  
 
Chapter 4 presents an experimental validation for the HLA-based SHM algorithm based on a 
shaking table test of a single-bay 12-story scaled reinforced concrete frame structure 
sequentially subjected to a small and large earthquake events. Severity and localization of 
damage are achieved by tracking changes in elastic story stiffness as a damage index over 
time.  
 
Chapter 5 presents the comparison of the HLA algorithm and other known SHM algorithms, 
including adaptive LMS filters and natural frequency analysis. These algorithms are applied 
to an experimental structure and a calibrated numerical model yielding damage similar to the 
experimental structure, as well as another simulated model representative of a steel moment 
resistance frame (SMRF) structure. 
 
Chapter 6 presents the further validation of the HLA method using a two-bay 12-storey 
reinforced concrete frame building with damage occurred prior to a sequence of four 
earthquake events that lead to more complex hysteretic behaviours. Structural degradation is 
evaluated by tracking the changes of the elastic stiffness of significant half cycles. A wavelet 
multiresolution analysis (MRA) is also proposed to extract an effective linear stiffness to 
assess the severity of the structural damage. 
 
 
Chapter 7 presents the performance evaluation and SHM of the base-isolated CWH building 
using the proposed HLA method during two major Christchurch earthquakes occurred within 
a few hours in December 2011.  
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Chapter 8 presents the parameter identification of the CWH building based on a 4-DOF 
linear shear force model during the two earthquakes. The equivalent stiffness and damping 
coefficient of the CWH building are identified using a modified Gauss-Newton method to 
reproduce the structural response comparing with the recorded response during the 
earthquakes.  
 
Chapter 9 and 10 present the overall conclusions to the research and discuss possible 
extensions and future work. 
 
1.5 Summary 
This chapter presented the motivations for this study and an introduction to the structural 
health monitoring methods in civil engineering. Overall, the development of real time or 
rapid structural health monitoring can enable immediate post-event assessment of the damage 
state of critical civil infrastructure, and thus is crucial in providing reliable information for 
deciding if the structure can continue to be used, and enable more optimum recovery 
planning and costs. Hence, they provide benefits in terms of response and recovery from 
major ground motions. 
 
The key issue with the current SHM method is their significant computational complexity 
and lack of feasibility to highly nonlinear hysteretic behaviour. In addition, the robustness of 
the algorithms to measurement noise is a challenging task. The development of a highly 
simplified SHM algorithm would enable accurate localization and quantification of damage 
for different types of hysteretic structural systems in the presence of noise, as well as 
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immediate assessment after or during an earthquake event, if required. It will thus be 
accurate, simple and entirely general.  
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Chapter 2: HLA-based Method for Flag-shaped Hysteretic Systems 
2.1 Introduction 
Under conventional seismic design strategy, civil engineering structures are designed to 
undergo inelastic deformation to dissipate earthquake energy, which can lead to residual 
displacements. Residual deformation increases the repair cost and downtime, as well as the 
difficulty in recovering the structure to its initial position. To solve the deficiency, a large 
number of self-centring systems and devices exhibiting a flag-shaped hysteretic behaviour 
have been developed to provide recentring, avoid residual deformation and provide energy 
dissipation capacity.  
 
A self-centring system refers to the use of post-tensioning with stiffness, usually done with 
tendons associated with energy dissipation elements, to aid the system to return to its original 
position without introducing external load. They typically also offer yielding elements to 
localize damage. Examples include post-tensioned beam-to-column connections for moment-
resisting steel frame (Christopoulos et al., 2002; Garlock et al., 2005; Ricles et al., 2001; 
Rodgers et al., 2008), steel brace dissipating elements (Bartera and Giacchetti, 2004; 
Christopoulos et al., 2008; Tremblay et al., 2008), and shape memory alloy (SMA) seismic 
isolation devices (Alam et al., 2009; Attanasi et al., 2009; Casciati and Hamdaoui, 2008; 
Ozbulut and Hurlebaus, 2011).  
 
The seismic application of these flag-shaped hysteretic structures has increased since the 
1994 Northridge earthquake in the United States and 1995 Hyogoken-Nambu earthquake in 
Japan. However, these structures can still experience various degrees or types of damage 
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under more extreme excitations. Therefore, it would be necessary and useful to be able to 
directly assess the health conditions of these structures, just as with standard structures, 
enabling a more optimum recovery planning immediately after an earthquake. However, such 
nonlinear systems have proven difficult for most typical SHM methods. 
 
Hysteresis loops play a crucial role in seismic performance-based analysis and design, and 
capture the linear and nonlinear characteristics associated with damage. They thus provide 
the basis for a range of possible applications to compute the underlying physical parameters, 
such as elastic and plastic stiffness, and yielding deformation, all of which can be used to 
determine the extent of degradation and potential damage for structural health monitoring. 
However, the current hysteresis loop based SHM approaches reviewed in Chapter 1 do not 
directly quantify damage severity and cannot be applied to highly nonlinear structures with 
pinching and flag-shaped behaviours.   
 
The objective of this chapter is to develop a simplified HLA-based method to identify the 
physical parameters directly related to structural health monitoring for a flag-shaped 
hysteretic structure. The method is based on least squares linear regression and the log 
likelihood test. The performance of the proposed method is demonstrated and validated using 
a simulated single degree of freedom (SDOF) flag-shaped hysteretic system. The effect of 
measurement noise is investigated by adding 5%, 10%, 15% and 20% root mean square 
(RMS) noise to the measured response to assess robustness to noise. The robustness of the 




2.2 The Log Likelihood Test Ratio Method (LLTR) 
2.2.1 Equation of Motion 
The equation of motion of a SODF system subjected to earthquake excitation is defined: 
gxmxFxcxm &&&&& −=++ )(                                                   (2.1) 
where x, x&  and x&&  are the displacement, velocity and acceleration of the SDOF system, m is 
the mass, gx&&  is the ground acceleration, F(x) is the restoring force of the hysteretic system, 
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ξ is the initial fraction of critical damping, T is the time period of the system. Using Equation 
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In this equation, noisy ground and structural accelerations gx&& and x&&  are commonly measured 
using accelerometers at high sampling rates. The direct integration and double integration of 
accelerations to obtain the velocity and displacement are not accurate due to drift and 
numerical error (Smyth and Wu, 2007). However, the velocity and displacement can be 
derived from measured acceleration by integration and correction, or by applying a set of 
sensors and several different methods (Fu and Moosa, 2002; Hann et al., 2009; Hwang et al., 
2012; Park et al., 2007; Psimoulis and Stiros, 2008; Safak and Hudnut, 2006; Skolnik and 
Wallace, 2010; Smyth and Wu, 2007).  
 
In this study, a low-frequency measured displacement method is used to correct the 
integration error assuming the availability of global positioning system (GPS) damage or 
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similar to aid correction (Hann et al., 2009). Currently, GPS displacement measurement 
achieves rates up to 20 Hz and the accuracy of dynamic displacement measurement using 
GPS is at a sub-centimetre to millimetre level at a maximum distance from the GPS receivers 
to the monitoring buildings of up to 30 km (Yi et al., 2013). Displacement can even be 
measured with 1-3 mm accuracy for up to 2-4 Hz in the modal frequency of rigid structure 
(Psimoulis and Stiros, 2008), and for equal or less than 1 Hz, the measurement errors are less 
than 5%, provided the motion amplitude is greater than 20 mm (Chan et al., 2006). Thus, 
integration errors can be readily corrected using GPS measurements. In particular, the 













)( &&                                                     (2.5) 
The integration displacement error to be corrected by GPS measured displacement is then 
calculated: 
Nihixhixe mi L,1)()( =−=                                         (2.6) 
where h is the time interval at which displacement measurement xm is recorded, N is the 
number of displacement measurement data. The velocity error ci can be calculated by 







= −                                         (2.7) 
A cubic spline interpolation can then be used to construct a time varying piecewise C1 
continuous displacement corrector function )(tf  that satisfies iehif =)( . Therefore, the 
corrected displacement d(t) can be estimated by adding the integrated displacement and the 
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)( 11                                             (2.10) 
Assuming m, ξ and T to be available from the basic knowledge of the system, the restoring 
force F(x) is thus consequently obtained. Hence, a measured hysteresis loop of the system can 
be constructed for use in identifying structural property and response metrics. 
 
2.2.2 Hysteresis Model 
Figure 2.1(a) shows a flag-shaped force displacement relationship representative of a self-
centring system. The parameters for this hysteretic model are ke, α, β and dy. The coefficient 
ke is the pre-yielding stiffness and α is the ratio of post-yielding stiffness to pre-yielding 
stiffness. The energy dissipation coefficient β reflects the dissipation capacity, and dy is the 
yielding displacement of the hysteretic system. 
 
In general, if the hysteresis loop can be divided into each single segment by the breakpoints 
x1-x8, a linear regression analysis can be applied to each segment for the identification of 
physical parameters. As mentioned in (Powell and Allahabadi, 1988), the deformation history 
is unlikely to consist of regular, complete cycles, so it is more appropriate to divide the 
response history in half cycles rather than full cycles. The rain flow counting method is a 
widely used means to divide the time history of structural response into a number of half 
cycles for cumulative damage assessment. However, the half cycles separated by the rain 
flow counting method are not in chronological order but are grouped instead by deformation 




        
 
(b) 
Figure 2.1: (a) Idealized flag-shaped hysteresis loop, with (b) four types of possible half 




It can be seen form the hysteresis loop in Figure 2.1(a) that the total restoring force is path 
dependent. However, within a time segment, where the velocity holds the same sign, the 
restoring force is a single valued function of displacement. Hence, the whole hysteresis 
response in the proposed SHM method is divided into many half cycles in chronological 
order according to the turning points, such as x4 and x8, where the velocity is zero and the 
displacement is a local maximum or minimum. 
 
All the half cycles are then divided into four types of piecewise linear model with one, two, 
three or four segments, as shown in Figure 2.1(b). If the numbers of segments of these 
piecewise linear models can be identified from the data, then the overall least squares 
solution (Hudson, 1966) can be implemented to identify the linear models for each segment 
and the estimated coefficients of the piecewise linear models will then be related to the 
system parameters to be found (ke, α, β and dy). 
 
2.2.3 Parameter Identification Procedures 
Assuming the number of segments for a half cycle is r, where r=1, 2, 3 ro 4, the r-phase 


























X  and 
3t
X  are the breakpoints in the half cycles, as shown in Figure 2.1(b).  
(X1,Y1),…, (Xn, Yn) are n pairs of displacement and restoring force data during one half cycle, 
and can be grouped to create: 
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nieXGY iii ,,1)( L=+=                                                   (2.12) 
where ei are added random errors caused by measurement noise or model uncertainty. 
Suppose ei are normally and independently distributed with zero mean and standard deviation 
σ. Then the overall sum of squared residuals (SSR) for an r-phase linear model is determined: 


























)()()( L             (2.13) 
The optimum approximation for the r-phase linear model is to determine the minimum value 
of Rr in terms of (t1, t2,…, tr-1) and (a1, b1,…, ar, br).  
 
The derivative equal to zero of Equation (2.13) cannot be used here due to the discontinuous 
nature of the observations (Quandt, 1958). Thus, the observations are divided into every 
feasible r groups, and the standard least squares linear regression is implemented to each 
segment to calculate the SSR and regression coefficients a1,b1,…, ar,br (r=1, 2, 3 and 4). The 






X ) are then calculated at each join point between 


















                           (2.14) 
Therefore, a sequence of SSR functions ),( 121 −rr tttR L with respect to (a1, b1,…, ar, br) for 
( )23 121 −≤<<<≤ − nttt rL  can be obtained whenever 1ˆ +≤≤ jjj ttt XXX  (Stoimenova et al., 







X ) and regression coefficients (a1,b1,…, ar,br) that correspond to the smallest 




To determine the optimum r value for the selected half cycle, a likelihood-ratio chi square 















= +λ                             (2.15) 
The hypothesis test is performed between the null hypothesis H0: there are r segments in this 
half cycle, and the alternative hypothesis H1: there are r+1 segments in the half cycle. Then 
the large sample distribution of the log likelihood ratio defined as λlog2−  is a chi-squared 
distribution with 2(r+1) degrees of freedom when the null hypothesis is true (Feder, 1975a; 
Feder, 1975b; Quandt, 1958). Therefore, the rejection of H0 in favour of H1 is true whenever: 
)(log2 2 kεχλ ≥−                                                   (2.16) 
where ε is the user-defined significance level, and is usually set to a low value to reduce the 
probability of committing an error by rejecting H0 when it is true (Walpole et al., 2011), and k 
is the number of degrees of freedom of the chi-squared distribution. The critical value of 
)(2 kεχ can be found in statistical tables (Walpole et al., 2011). 
 
In this study, the significance level ε is set to 0.001 and k=2(r+1) for an r phase model 
identification. If the value of the log likelihood ratio λlog2− is less than )(2 kεχ , then there is 
no evidence against H0, and it is concluded that the half cycle is an r phase model. 
 





X ) and regression coefficients (a1,b1,…, ar,br) for each half cycle is obtained. The 























                                             (2.18) 
For the yielding displacement dy: 
4
3
== rforXd ty                                                  (2.19) 



















tβ                     (2.20) 
 
The yielding dissipated hysteretic energy is calculated for each three-segment (r=3) and four-
segment (r=4) half cycles (Chopra, 2001): 















XXYYXXYYE ttttttY     (2.21) 
 
Summary of the proposed identification method: 
 
Step 1: Assume r=1 and r=2 for all the half cycles, respectively, and calculate R1, a1 and b1 
for r=1, and R2, 
1t
X , a1, b1, a2 and b2 for r=2 using Equations (2.11)-(2.14). 
 
Step 2: Calculate the log likelihood ratio λlog2−  for every half cycle using Equation (2.15), 
and identify the linear (r=1) half cycles using Equation (9), i.e. 47.18)4(log2 2 001.0 =<− χλ . 
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X , a1, 
b1, a2, b2, a3 and b3 for r=3. Then calculate λlog2−  and obtain the two-segment (r=2) half 
cycles by 46.22)6(log2 2 001.0 =<− χλ . 
 






X , a1, b1, a2, b2, a3, b3, a4 and b4 for r=4. Calculate λlog2−  and identify the three-
segment (r=3) half cycles using 12.26)8(log2 2 001.0 =<− χλ . The remaining half cycles must 
then be four-segment (r=4) half cycles. 
 
Step 5: Estimate the physical parameters ke, α, β and dy of the flag-shaped hysteretic system 
using Equations (17)-(20) for all the half cycles identified in steps 1-4. 
 
Figure 2.2 shows the flowchart of the identification procedure. Once the hysteresis loop can 
be constructed using the measurement data, which has already been possible (Iwan, 2002; 
Iwan et al., 2013), the whole procedure to identify the segment number r for each sub-half 
cycle can be processed without user input, and thus be done in near real-time. Finally, the 
identified half cycles are fitted by the appropriate r phase linear model to obtain the physical 
parameters ke, α, β and dy. 
30 
 
Figure 2.2: Flowchart of the identification procedure. 
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2.3 Simulated Proof of Concept Structure 
The simulated proof-of-concept structure is a SDOF system representative of a seven storey 
steel moment resistance frame (SMRF) incorporating post-tensioned energy dissipating 
(PTED) connections at all beam-to-column connections and at the base of each column. The 
PTED connections incorporate high strength post-tensioned bars designed to remain elastic 
during seismic response, and confined energy-dissipation bars designed to yield in both 
tension and compression. Thus, the structural behaviour of this SMRF can be achieved 
without introducing residual drift during the seismic response, and the flag-shaped hysteretic 
model is considered to represent the hysteretic behaviour of this system (Christopoulos et al., 
2002). 
 
The story height of the fixed base SMRF system is 3.4m, and the seismic weight of the 
system is 4000kN that result in the first period of 1.0s and the pre-yielding stiffness ke of 
157.9kN/mm. The post-yielding stiffness kp is 23.68kN/mm with the post-yielding stiffness 
coefficient α set to be 0.15. The energy dissipation coefficient β is set to be 0.5 and the 
yielding displacement dy is 24.85mm for the SMRF with PTED connections. In addition, a 
5% damping, which is commonly adopted by design codes and standards (Atkinson and 
Pierre, 2004; Pekcan et al., 1999), is considered in simulating the structural response. 
 
The proposed identification procedure was implemented in Matlab. The simulated structure 
was subjected to 1989 Loma Prieta earthquake Hollister Differential Array record with peak 
ground acceleration (PGA) of 0.269g. The system acceleration response was simulated using 
a Newmark-β integration method with time step ∆t=0.001s. The low-frequency measured 
displacement was taken at 1Hz and acceleration data was taken at 1000Hz in this case study. 
Different levels of random RMS noise were added to the simulated acceleration 
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measurements to provide a more realistic measurement situation.  
 
The added RMS noise is a random normal distribution of the square root of the average of the 











=XX                      (2.22) 
where Xnoise is the simulated measurement with added RMS noise, X is the clean simulated 
measurement without noise, n is the number of measurement observations and randn(n,1) is a 
normal (Gaussian) distribution with the mean value µ=0 and standard deviation σ=1. Based 
on three-sigma rule, 99.7% of the values of this normal distribution are within [µ-3σ, 
µ+3σ]=[-3, 3]. Therefore, a 10% RMS noise level corresponds to random observations within 
10% from the clean simulated measurement with a probability of 99.7%. 
 
To assess the robustness of the proposed method over different ground motions, a suite of 20 
different earthquake events that are representative of ordinary earthquakes having a 
probability of exceedance of 10% in 50 years are used to generate the hysteresis loop of the 
simulated structure. The characteristics of these 20 earthquake records are listed in Table 1. 
More details about the selected records can be found in Christopoulos et al. (2002). These 
earthquake records can be downloaded from the strong motion data base in Pacific 
Earthquake Engineering Research Center (PEER, 2005). The same modal parameters were 
used for all the records and 5%, 10%, 15% and 20% RMS noise were added to the simulated 






















































































































































































































































































































































































































































































































































































































































































































































































































































































Finally, the segment numbers (r=1, 2, 3, 4) of all the half cycles were identified and the 
physical parameters of the structure were obtained in each case using the LLTR method. 
During the earthquake excitation, some sub-half cycles exhibited narrow almost negligible 
plastic or nonlinear behaviour, as shown in Figure 2.3. The plastic segment in this half cycle 
is very small, so that is difficult to find the correct slope, which in this case significantly 
affects the accuracy of the estimate of the post-yielding stiffness (kp).  
 
Figure 2.3: Narrow nonlinear half cycle (three-segment (r=3)). 
 
Thus, Equation (2.18) is used to estimate the post-yielding stiffness kp only when the plastic 












                     (2.23) 
However, some small amplitude plastic cycles can be missed when the threshold ∆d is used. 
The hysteretic dissipation energy by a large number of such small amplitude can significantly 
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exceed the energy dissipated up to failure through the application of one or a few large 
amplitude cycles (Teran-Gilmore et al., 2003; Teran-Gilmore and Jirsa, 2005). Therefore, the 
effect of ignoring these half cycles on the results was investigated by varying the user defined 
threshold of ∆d. 
 
Performance is assessed by accuracy in recovering the true model values in the presence of 
noise over several events. The impact of thresholds used to ensure significant nonlinear 
motion (r=2, 3, 4) in identified half cycles is also assessed. The overall analyses thus assess 
both performance accuracy and robustness to noise providing a range of trade-offs. 
 
2.4 Results and Discussion 
2.4.1 Identification of the Number of Segments of Half Cycles 
There were 28 half cycles in the response. Figure 2.4 shows the identification results for one 
segment (r=1) half cycles for the Loma Prieta earthquake event. The values of -2log λ for the 
half cycles (#11-14, 17, 19-28), with variable noise levels are less than χ2 (4)=18.47 and 
rejection is not permitted according to the model hypothesis by Equation (2.16). Note that the 
cycle number is out of all identified half cycles (N=28) and then segregated for each case. 
They are thus not necessarily contiguously numbered. Finally, the half cycles below the 
rejection value, as shown in Figure 2.4(a), are identified as one-segment (r=1) linear models 
or simply linear structural response. The half cycles in Figure 2.4(b) that are not fitted well by 







(a) One-segment (r=1) half cycles 
 
 
(b) More than one-segment half cycles (r=2, 3 and 4) 
Figure 2.4: Identification of one-segment (r=1) half cycles with variable noise level: (a) one 
segment half cycles with 47.18log2 <− λ , (b) more than one-segment half cycles with 
47.18log2 >− λ . Note that the cycle numbering is out of all identified half cycles (N=28) 




Figure 2.5 shows the identification results for two-segment (r=2) half cycles, excluding the 
half cycles found to be one-segment (r=1) in Figure 2.4(a). The half cycles in Figure 2.5(a) 
are below the rejection value of χ2 (6) =22.46, and thus are identified as two-segment (r=2) 
half cycles. The identification results for the remaining unidentified half cycles in Figure 
2.5(b) are shown in Figure 2.6. It can be seen from Figure 2.6(a) that the three-segment (r=3) 
half cycles are identified using the values of λlog2−  below the rejection value of χ2 (8) 
=26.12. And the remained half cycles in Figure 2.6(b) are then identified, by default, as four-
segment (r=4) with a full flag-shaped response. 
 
In addition, it can be seen from Figures 2.4(a), 2.5(a) and 2.6(a) that the values of λlog2−  
for the half cycles that are fitted well by the r-segment model, vary essentially randomly with 
increasing noise level. However, the values of λlog2−  for the half cycles that are not well 
fitted by that value of r, as shown in Figures 2.4(b), 2.5(b) and 2.6(b), decrease as the added 
noise level increases, because the value of λlog2−  represents the degree of matching 
difference between the assumed r-segment and r+1-segment models. Thus, the values of 
λlog2−  for the half cycles that cannot be well fitted by the assumed r-segment model, are 
very large and above the rejection value, which indicates a significant degree of matching 
difference.  However, the matching difference between the r-segment and r+1 segment model 
is less distinguishable when the noise level is increasing and the true state of the half cycle is 
more discrete. Hence, the values of λlog2−  representing the degree of matching difference 
are also decreasing when the added noise level is increasing. 
 
However, the matching difference between the assumed r-segment and r+1-segment models 
is very small when the half cycle can be well fitted by the r-segment model. Even with 
increasing noise level, this matching difference is also very small. Therefore, the variation of 
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(a) Two-segment (r=2) half cycles 
 
 
(b) More than two-segment half cycles (r=3 and 4) 
Figure 2.5: Identification of two-segment (r=2) half cycles with variable noise level, 
excluding half cycles found to be one segment (r=1): (a) two-segment half cycles with 
λlog2− <22.46, (b) more than two-segment half cycles with λlog2− >22.46. Note that the 
cycle numbering is out of all identified half cycles (N=28) and then segregated for each case. 




(a) Three-segment (r=3) half cycles 
 
 
(b) Four-segment half cycles (r=4) 
Figure 2.6: Identification of three-segment (r=3) and four-segment (r=4) half cycles with 
variable noise level, excluding one segment (r=1) and two-segment half cycles: (a) three-
segment half cycles with λlog2− <26.12, (b) four-segment half cycles with 
λlog2− >26.12. Note that the cycle numbering is out of all identified half cycles (N=28) and 




2.4.2 Effect of Threshold 
Figure 2.7 shows the estimates of the pre-yielding stiffness (ke) and post-yielding stiffness 
(kp) with different thresholds of ∆d for 5%, 10%, 15% and 20% added noise. For different 
thresholds at the same noise level, the pre-yielding stiffness ke is robust because the elastic 
segments of all the selected half cycles are big enough to obtain good estimates. However, 
the estimation of the post-yielding stiffness kp is not robust and a high threshold ∆d can lead 
to a much more accurate estimation of kp with low standard deviations as relatively very 
small plastic segments are ignored. In addition, the estimates of ke and kp vary with noise 
level, and good estimates can be obtained using a high thresholder to ensure significant 
nonlinear motion is available for the least square problem even at 20% noise level. 
 
Figures 2.8 and 2.9 show the estimated results for the yield displacement dy and the energy 
dissipation coefficient β. It can be seen that the estimations of dy and β are robust with 
varying threshold ∆d at the same noise level because the breakpoints used to calculate dy and 
β are not affected by the narrow half cycles. In addition, the results give a good 
approximation of the true input with the estimation errors less than 5% for different levels of 
noise and the standard deviations of estimations shows a smaller increase with noise level 










           (a) 5% RMS noise                                        (b) 10% RMS noise 
  
           (c) 15% RMS noise                                        (d) 20% RMS noise 
Figure 2.7: Estimated results of stiffness at, (a) 5% noise level, (b) 10% noise level, (c) 15% 
noise level, and (d) 20% noise level. 
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           (a) 5% RMS noise                                        (b) 10% RMS noise 
  
           (c) 15% RMS noise                                        (d) 20% RMS noise 
Figure 2.8: Estimated results of yield displacement dy at, (a) 5% noise level, (b) 10% noise 





           (a) 5% RMS noise                                        (b) 10% RMS noise 
  
           (c) 15% RMS noise                                        (d) 20% RMS noise 
Figure 2.9: Estimated results of energy dissipation coefficient β at, (a) 5% noise level, (b) 





           (a) 5% RMS noise                                        (b) 10% RMS noise 
  
           (c) 15% RMS noise                                        (d) 20% RMS noise 
Figure 2.10: Estimated results of total dissipated energy at, (a) 5% noise level, (b) 10% noise 




Figure 2.10 shows the estimates of the total absorbed hysteretic energy due to plastic 
deformation seen in the hysteresis loop, which is not the total dissipated when one considers 
inherent or internal viscous damping in the linear case. It is thus a measure of damage due to 
nonlinear response and not a measure of the energy of the total system. It can be seen that the 
total energy dissipation shows a low sensitivity to different noise levels at the same threshold 
because all four panels are almost the same. In addition, the total energy dissipation dropped 
as more cycles are ignored when using a larger threshold at the same noise level. This result 
is expected and no threshold (∆d=0) should be used in calculating energy dissipation, or a 
very low threshold, so that damage or low cycle fatigue assessment is not affected. 
Importantly, using large thresholds to estimate ke, kp, dy and β, and a ∆d=0 threshold for 
determining dissipated energy, is computationally simple and efficient once all half cycles are 
identified. Hence, any compromises are minimized, allowing a best possible assessment of all 
these responses and structural properties. 
 
2.4.3 Results for 20 Different Earthquake Records 
As a result, a threshold ∆d=0.04 is selected to evaluate the identification results of ke, kp, dy 
and β for a suite of 20 earthquake records. Results with 5%, 10%, 15% and 20% added RMS 
noise are listed in Tables 2.2-2.5, respectively. A ‘-’ represents elastic behaviour during the 
entire earthquake. Hence, both linear and nonlinear cases are tested for the same fixed 
method with no added tuning or user input required. 
 
It can be seen from Tables 2.2-2.5 that the structural stiffness was identified as remaining 
linear during EQ1, 3, 6, 9, 10, 12, 14, 17 and 19 (9 of 20 events) when the structural response 
of the system is only linear during the whole earthquake event. This result indicates the 
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method is robust to a wide range of different ground motions and responses. The mean 
estimates of ke, kp, dy and β across all the half cycles of events at different levels of noise 
matched well with the true input parameters (ke=157.9, kp=23.7, dy=24.9, β=0.5). Although 
the errors of the mean estimates of ke, kp, dy and β show a small increase with increasing noise 
level, the average errors of the estimates of ke, kp, dy and β are within 3.6% even with 20% 
added RMS noise. 
 
In addition, the coefficient of variation (COV) for ke, kp, dy and β are less than 8.1% for all the 
earthquake events at a 5% RMS noise level, and the COV increases with noise level, as might 
be expected. However, the maximum COV is 18.7% of the mean value even at 20% RMS 
noise, and most are within 10%, which is, practically speaking, a good result given 
uncertainty in construction and degradation over time. 
 
Finally, the results show that the stiffness values ke and/or kp for each half cycle in 
chronological order can be identified accurately. Thus, the evolution of stiffness can be 
tracked over time for structural health monitoring to determine if degradation occurs and 
assess its magnitude. In addition, the obtained half cycles can also be grouped in the order of 
different deformation amplitude using the rain flow counting method to assess the cumulative 
damage due to low cycle fatigue that may not lead to significant changes in the identified 
stiffness, but still reduce expected structural life (Mander et al., 1994). Therefore, if the 
values of stiffness degradation and/or cumulative nonlinear demands exceed pre-defined 
design or safety limits, an alarm or other notice can be immediately provided to emergency 












dy=24.9 (mm) β=0.500 
Mean COV Mean COV Mean COV Mean COV 
EQ1 157.8 0.5% - - - - - - 
EQ2 157.8 1.2% 23.8 2.3% 25.0 3.8% 0.486 8.4% 
EQ3 157.9 0.4% - - - - - - 
EQ4 158.2 1.8% 23.8 1.0% 24.4 3.9% 0.500 2.5% 
EQ5 158.3 0.6% 24.0 1.1% 24.7 3.3% 0.501 2.1% 
EQ6 157.6 0.8% - - - - - - 
EQ7 157.7 0.6% 23.7 1.9% 24.7 2.2% 0.494 4.1% 
EQ8 157.3 1.0% 23.9 1.8% 24.9 2.6% 0.501 1.5% 
EQ9 157.8 0.3% - - - - - - 
EQ10 157.8 0.5% - - - - - - 
EQ11 157.6 1.1% 23.8 2.3% 24.7 3.4% 0.485 11.5% 
EQ12 158.0 0.6% - - - - - - 
EQ13 157.5 1.2% 23.7 0.6% 24.9 2.0% 0.499 0.8% 
EQ14 157.9 0.3% - - - - - - 
EQ15 157.9 0.8% 23.8 0.3% 24.5 1.3% 0.499 0.1% 
EQ16 158.1 1.2% 23.8 0.8% 24.9 3.5% 0.499 1.7% 
EQ17 157.9 0.4% - - - - - - 
EQ18 157.9 1.4% 23.6 0.9% 24.6 4.1% 0.498 1.9% 
EQ19 158.0 0.5% - - - - - - 












dy=24.9 (mm) β=0.500 
Mean COV Mean COV Mean COV Mean COV 
EQ1 157.5 0.8% - - - - - - 
EQ2 157.5 1.6% 24.4 7.7% 24.7 3.7% 0.500 1.4% 
EQ3 157.9 0.6% - - - - - - 
EQ4 157.7 4.1% 23.9 1.8% 24.6 11.8% 0.498 5.4% 
EQ5 157.0 1.9% 22.9 6.7% 22.9 13.1% 0.504 2.9% 
EQ6 157.2 1.8% - - - - - - 
EQ7 158.7 1.9% 24.3 3.5% 24.6 3.0% 0.496 1.5% 
EQ8 157.2 0.9% 24.2 6.4% 25.1 7.2% 0.503 2.3% 
EQ9 158.2 0.7% - - - - - - 
EQ10 157.9 0.9% - - - - - - 
EQ11 158.5 4.1% 23.8 5.0% 24.7 4.5% 0.476 11.8% 
EQ12 157.5 1.1% - - - - - - 
EQ13 157.7 1.7% 23.6 1.4% 24.7 4.5% 0.495 3.2% 
EQ14 158.0 0.6% - - - - - - 
EQ15 158.8 2.4% 23.3 1.7% 25.0 3.4% 0.496 1.5% 
EQ16 157.3 1.5% 23.7 2.3% 24.9 6.8% 0.492 4.0% 
EQ17 157.9 0.8% - - - - - - 
EQ18 157.2 1.6% 23.7 2.6% 24.8 4.4% 0.502 2.1% 
EQ19 157.6 1.1% - - - - - - 












dy=24.9 (mm) β=0.500 
Mean COV Mean COV Mean COV Mean COV 
EQ1 157.7 1.0% - - - - - - 
EQ2 158.1 3.3% 23.6 4.5% 24.5 7.3% 0.488 4.3% 
EQ3 158.0 1.7% - - - - - - 
EQ4 156.4 5.5% 24.4 4.6% 24.8 10.1% 0.483 8.1% 
EQ5 157.6 2.8% 22.5 6.3% 24.4 4.5% 0.484 4.8% 
EQ6 158.2 2.1% - - - - - - 
EQ7 158.3 2.5% 23.3 1.7% 25.0 5.2% 0.502 2.4% 
EQ8 154.1 2.1% 23.4 3.1% 24.7 6.9% 0.502 5.4% 
EQ9 157.7 0.8% - - - - - - 
EQ10 157.5 1.8% - - - - - - 
EQ11 156.9 5.8% 23.5 4.3% 25.7 10.1% 0.481 13.6% 
EQ12 157.1 2.4% - - - - - - 
EQ13 158.3 3.1% 23.9 2.0% 25.2 4.4% 0.489 3.1% 
EQ14 157.4 1.2% - - - - - - 
EQ15 157.2 2.8% 24.1 4.9% 24.8 5.6% 0.500 1.3% 
EQ16 158.0 2.7% 24.0 6.3% 24.2 10.3% 0.508 4.5% 
EQ17 157.9 1.4% - - - - - - 
EQ18 157.1 3.1% 23.9 3.2% 25.1 7.2% 0.500 2.8% 
EQ19 157.8 1.5% - - - - - - 












dy=24.9 (mm) β=0.500 
Mean COV Mean COV Mean COV Mean COV 
EQ1 157.8 1.3% - - - - - - 
EQ2 156.6 4.0% 24.5 14.8% 25.8 6.6% 0.506 2.5% 
EQ3 158.0 1.0% - - - - - - 
EQ4 157.3 7.5% 23.7 2.2% 26.1 9.6% 0.511 7.7% 
EQ5 156.8 3.0% 26.1 11.3% 24.7 6.5% 0.506 6.2% 
EQ6 158.2 2.7% - - - - - - 
EQ7 157.8 2.5% 25.1 7.5% 23.9 5.9% 0.499 3.1% 
EQ8 154.4 3.4% 23.7 9.0% 24.8 12.9% 0.491 10.4% 
EQ9 157.3 1.3% - - - - - - 
EQ10 157.6 2.2% - - - - - - 
EQ11 154.9 5.3% 23.9 3.2% 23.8 11.3% 0.472 18.7% 
EQ12 157.2 2.7% - - - - - - 
EQ13 158.0 3.7% 24.1 3.1% 24.8 10.1% 0.474 10.7% 
EQ14 158.2 1.0% - - - - - - 
EQ15 157.6 3.0% 23.5 4.3% 23.3 10.7% 0.498 2.8% 
EQ16 157.4 3.3% 23.6 7.5% 24.2 9.9% 0.507 4.6% 
EQ17 157.8 1.6% - - - - - - 
EQ18 155.2 7.1% 24.5 5.2% 25.6 7.4% 0.503 3.7% 
EQ19 157.5 3.0% - - - - - - 





This chapter has presented a simple method for parameter identification of a highly nonlinear 
flag-shaped hysteretic structure. A simulated system with variable levels of added noise is 
used to demonstrate the robustness of the method. The results show that a high threshold can 
yield a good estimate of the post-yielding stiffness, and the estimations of the pre-yielding 
stiffness, yield displacement and energy dissipation coefficient are robust to different 
thresholds. Good estimates of total hysteretic energy dissipation can be obtained when the 
threshold is not used. Given the computational simplicity of the method, the result can be 
evaluated with and without thresholds to ensure the best quality metrics are obtained from the 
final step of the method. 
 
The sensitivity analysis shows good robustness of the method with average coefficient of 
variation within 10% to different levels of noise and a range of 20 different earthquake 
events. The accuracy of the method is also validated by identifying the structure as linear 
when the structural response of the system is only linear during the whole ground motion. In 
addition, the method can be extended to the multi degree of freedoms system if the hysteresis 
loop are generated from measurement data obtained at each floor or selected groups of floors 
that make sense, by using greater numbers of sensors. Increased sensor density would capture 
in these inter-story hysteresis loops, any multi-mode effects that appear in the response. 
 
Finally, the method is computationally simple and can be implemented automatically without 
requiring human input at any point. Thus, a rapid assessment can be made to offer significant 




Chapter 3:  HLA-based Method for Structural Systems with Pinching 
3.1 Introduction 
Damage identification of highly nonlinear hysteretic systems is a challenging problem due to 
the complexity and continually altering structural characteristics over a response, particularly 
for hysteretic pinching structures. Hysteretic pinching is primarily caused by damage and 
interaction of structural components under large deformation (Foliente and Noori, 1996). It is 
commonly observed in reinforced concrete systems due to sliding of two cracked surfaces or 
yielding of compression reinforcement (Ozcebe and Saatcioglu, 1989), and in wood joint 
systems where a cavity around the fastener is formed by wood crushing (Foliente, 1995). In 
steel structures with bolted connections, pinching behaviour can also occur due to the 
development of connection gaps resulted from elongation and slipping of bolts (Astaneh et 
al., 1989; Iannone et al., 2011). Hence, it can be common, not occur over all response cycles, 
and is thus highly nonlinear. It also does not necessarily have a common or constant modelled 
effect. 
 
A novel LLTR identification method based on hysteresis loop analysis and chi-squared 
hypothesis test was developed for SHM of high nonlinear flag-shaped hysteretic systems in 
Chapter 2. However, the application of chi-squared distribution for the likelihood ratio 
λlog2−  in the LLTR method requires that the consistency of the observations can determine 
the r-set regression coefficients uniquely using r simultaneous equations (Feder, 1975a), 
which is not true when the transition part between each segment of the half cycle is ignored 
for hysteretic pinching systems (Zhou et al., 2015).  
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In addition, the LLTR method tests the difference of the overall sum of squared residuals 





possible data combinations for each r-segment half cycle assumption is needed to obtain the 
global minimum of the objective function. Particularly for the r=4 full nonlinear response 
(Zhou et al., 2015). 
 
In this chapter, a modified HLA-based method is developed based on a sup F type hypothesis 
test for the identification of physical parameters of highly nonlinear hysteretic pinching 
systems. The modified HLA method does not impose the restriction that the regression 
function is continuous at the breakpoints to allow for pinching and other highly nonlinear 
behaviours. Thus, each segment can be treated as an independent statistic test (Bai and 
Perron, 1998). In addition, the F type test employs a different strategy to obtain the overall 
minimal value of the sum of squared residuals for the alternative hypothesis, which highly 
improves the computational efficiency.   
 
The performance of the proposed method is illustrated using a simulated reinforced concrete 
structure modelled by the Baber-Noori model (Baber and Noori, 1985). The Baber-Noori 
model is specifically developed to describe the pinching behaviour that is associated with 
high shear loads and slippage of longitudinal reinforcement in reinforced concrete structures. 
In particular, the load-deformation relation for pinching exhibits a sudden loss of stiffness 
resulting from repeated opening and closing of cracks commonly observed in reinforced 
concrete structures (Kunnath et al, 1997; Zhang et al, 2002; Wu and Smyth, 2008), which is 
different with the stiffness softening mechanism that is used to define the reduction in 
component strength capacity under cyclic loading after reaching the ultimate strength limit 
for cracking reinforced concrete elements(Bazant et al., 1987; Ghobarah et al., 1999). 
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Robustness is investigated by adding different levels of RMS noise and varying the loop 
parameters of the hysteretic pinching differential model, as well as the assumed damping 
ratio. The method described for a SDOF system can be readily extended to a MDOF system 
with measurement data available or reliably estiamted at each floor.  
 
3.2 Hysteretic Pinching Model 
The modified HLA method utilizes a slip-lock (SL) pinching model proposed by (Baber and 
Noori, 1985). The pinching characteristic in the hysteresis loop was presented by adding a 
slip-lock spring, with the slip zone stiffness near zero and on infinite lock zone stiffness, in 
series with the smooth Bouc-Wen hysteresis spring (Bouc, 1967; Wen, 1976).  The equation 
of motion for a SDOF SL pinching model is defined: 
gee xmzkxkxcxm &&&&& −=−+++ )1( αα                                                   (3.1) 
where x, x&  and x&&  are the structural displacement, velocity and acceleration of the SDOF 
system, gx&&  is the ground acceleration, m is the mass of the system and c is the viscous 
damping coefficient. The parameter α represents the ratio of the post-yielding stiffness kp to 
the pre-yielding stiffness ke, and z is the hysteretic displacement. The differential model to 
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x −= &&                                                          (3.3) 
21 xxx +=                                                                   (3.4) 
where parameters A, β, γ and p control the shape of the hysteresis loop, and µ is the control 
parameter for pinching sharpness. The parameter a controls the amplitude of the pinching 
region and is determined: 
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)(ta aεδ=                                                                   (3.5) 
where δa is a constant specified for the desired rate of pinching, and ε(t) is the total energy 







)()()1()( ττταε &                                              (3.6) 
The desired hysteretic pinching behaviour observed in civil engineering structure is then 
obtained using the SL pinching model. The structural and ground accelerations can be 
measured during the earthquake. The structural velocity and displacement can then be 
obtained using the low-frequency GPS-measured displacement method presented in Chapter 
2. Hence, the restoring force F(x) can be obtained using Equation (2.3) and the hysteresis 
loop for the pinching system can be reconstructed subsequently.  
 
 







Figure 3.2: A typical hysteresis response with four types of half cycles with 1, 2, 3, and 4-
segment. The bottom panel shows node number from the top panel. 
 
Figure 3.1 shows a general pinching hysteresis loop for a civil structure subjected to a strong 
motion earthquake. The nonlinear response and potential damage of civil structures after a 
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seismic event can be assessed by identifying the underlying physical parameters (ke, kp, ∆dp) 
as damage indices. In particular, the stiffness ke and kp can be calculated to determine the 
extent degradation over time and thus reflect the severity of damage, because stiffness may 
be reduced in some floors if damage occurs in those layers (Yoshimoto et al., 2005). In 
addition, the plastic deformation ∆dp can also be computed to provide a key reference for 
assessing cumulative damage, low cycle fatigue, potential for future failure, and thus safety.  
 
Figure 3.2 shows a typical piece of a hysteresis response for a pinching system. It can be seen 
that the whole hysteresis response can be sliced into a number of half cycles using the turning 
points labelled 4, 5, 7, 11, 14, 15 and 17, where the deformation is a local maximum or 
minimum. Thus, all the half cycles are divided into four types of piecewise linear model with 
one, two, three and four-segments, respectively, as shown in Figure 3.2(b) with the same 
labels. The statistical analysis can then be applied to each of the selected half cycles to obtain 
the breakpoints and regression coefficients that are related to the estimated physical 
parameters (ke, kp, ∆dp). 
 
3.3 Identification Procedure 
To identify the optimum number of segments for the selected half cycle of the pinching 
system, an r-segment (r=1, 2, 3 and 4) piecewise linear model is first assumed and defined 
using Equations (2.11) and (2.12). The half cycle is then divided into r segments Ti (i=1,…,r) 




X ), again following the presentation 
in Chapter 2. The optimum solution for the breakpoints is to find the minimum value of the 
objective function of SSR Rr: 
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=                     (3.8) 
where 
0t
X =X1 and 
rt
X =Xn. The minimization is taken over all feasible partitions, and the 








Next, an addition breakpoint τX is assumed for each of the obtained segments T1, T2,… or Tr. 
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The sup F type hypothesis test is then performed between the null hypothesis H0 that the 
optimum number of segment for this half cycle is r, and the alternative hypothesis H1 that the 




















θ                        (3.11) 
where )(1 iTR  represents the sum of squared residuals for Ti partition.  
 
Therefore, it permits the rejection of H0 in favor of H1 when the value of F(r+1|r) is larger 
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than the critical value of rSθ , where θ is the user-defined significance level. The critical value 
of rSθ  can be found in Bai and Perron (1998). In this research, the significance level is set to 
be 0.01, and 1 01.0S , 
2
01.0S  and 
3
01.0S  are found to be 16.64, 17.98 and 18.66, for r=1, 2, and 3, 
respectively.  
 
In addition, the identification procedure starts with the value of r=3 that can ensure that any 
full nonlinear four-segment half cycle is identified first, which is more important in 
determining damage severity as soon as possible during or after the earthquake. However, if 
starting with r=1, the linear one-segment half cycle is identified first, which is not as 
important in damage assessment. Thus, with this approach assuming r=3 first, one could stop 
after identifying simply if damage occurred with this method, which is strictly pragmatic, and 
avoid identifying linear half cycles if desired. Importantly, in the end, all the half cycles can 
be identified with same results starting with different r value. 
 





X  ) and associated regression coefficients (a1, b1,…, ar, br) can be 
obtained to estimate the physical parameters (ke, kp and ∆dp) for the pinching system. Figure 
3.3 shows the flowchart of the identification procedure. 
 
The step by step procedure is summarized: 
 





tX using Equations 
(3.7) and (3.8). The standard least linear regression is then implemented to T1, T2 and T3 to 
obtain )( 11 TR , )( 21 TR and )( 31 TR . 
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X )and turning points (X1, Xn), 
calculate 4R′ using Equations (3.9) and (3.10). 
 
Step 3: Calculate F(4|3) using Equation (3.11) and identify four-segment half cycles by 
F(4|3) > 301.0S =18.66. All the remaining half cycles will thus be best fit by one, two and three 
segment model. 
 
Step 4: Assume r=2 for the remaining half cycles, and calculate R2, 
1
ˆ
tX , )( 11 TR , )( 21 TR , and 
3R′ using Equations (3.7)-(3.10). Thus, the three-segment half cycles are identified by F(3|2) 
> 201.0S =17.98. 
 
Step 5: Assume linear response (r=1) for the unidentified half cycles, and repeat steps 1-3 to 
calculate R1, )( 11 TR , 2R′ and F(2|1). Obtain the two-segment half cycles by F(2|1) 




Step 6: Estimate the physical parameters ke, kp and ∆dp using the calculated regression 
coefficients and breakpoints of each half cycle with the optimum number of segment 
identified. Appropriate statistics and/or time trajectories are used to summarize the results if 
no degradation is assumed or to track evolution of stiffness overtime if degradation occurs. 
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Figure 3.3: Flowchart of the identification procedure. 
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3.4 Case Study 
3.4.1 Simulated proof-of-concept structure 
The simulated proof-of-concept structure is a SODF moment resisting frame model of a five 
story reinforced concrete building (Nayyerloo et al., 2011). The seismic weight per floor is 
1692kN for the roof level and 2067 for other levels. The first period of the structure is 1.2s 
and a 5% constant viscous damping, which is commonly adopted by design codes and 
standards (Atkinson and Pierre, 2004; Chopra, 2001; Pekcan et al., 1999), is considered in 
simulating the structural response. The system has a pre-yielding stiffness of ke=27.3kN/mm, 
a post-yielding stiffness of kp=1.78kN/mm, and yielding displacement of dy=46.5mm. To 
simulate the structural response of the hysteretic pinching system, the shape parameters 
A=1.0, β=0.95, γ=0.05 and p=2 are used to provide realistic nonlinear structural behaviour of 
reinforced concrete system (Kunnath et al., 1997), and the pinching parameters δa=0.2, and 
µ=0.05 are adopted for pinching behaviour. 
 
The proposed identification is implemented in Matlab. The simulated structure is subjected to 
the Superstition Hill Event El Centro Station record with PGA of 0.358g and a duration of 
40s from the earthquake record used (PEER, 2005), as shown in Figure 3.4. The noise free 
ground acceleration is first used to generate the true structural response using a Runge-Kutta 
method with a time step of ∆t=0.001s. Figure 3.5 shows the resulting simulated true 
hysteresis loops of the modelled structure.  
 
A 10% RMS noise is then added to the ground acceleration, simulated structural acceleration 
and displacement to provide a realistic measurement situation. The low-frequency measured 
displacement is assumed measurable at 1Hz and acceleration is assumed to be measured at 
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1000Hz in this case study. Figure 3.6 shows the comparison between the true structural 
response and corrected response using the GPS-measured displacement method. Good 
agreement between the true response and corrected response was presented, despite a 
















Figure 3.6: Comparison between true response and corrected response of (a) displacement, 
(b) velocity and (c) acceleration. 
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3.4.2 Analyses and Implementation 
As discussed in the Chapter 2 for the flag-shaped system, narrow almost negligible plastic or 
nonlinear segments can significantly affect the accuracy of the estimated post yielding 
stiffness kp. Thus, a threshold ∆d is used to ignore those small half cycles to obtain the correct 
slope of the plastic segment. For the pinching system, a similar threshold ∆d is also defined to 
ensure the estimation accuracy of kp. As shown in Figure 3.7, segment 4 representing the 
plastic response, can be used to estimate the value of the plastic deformation ∆dp and post-
yielding stiffness, kp. In particular, the plastic deformation ∆dp in this half cycle is calculated: 
3tnp
XXd −=∆                                                       (3.12) 
And the post-yielding stiffness kp can be estimated using the slope of segment 4: 
4ak p =                                                              (3.13) 
The plastic response of the half cycle in Figure 3.7 is significant and the segment 4 is large 
enough for the estimation of the post-yielding stiffness. However, the plastic segment 4 of the 
narrow nonlinear half cycle in Figure 3.8 is very small and it is thus difficult to find the 
correct slope. Hence, the slope of plastic segment 4 is used to estimate the post-yielding 
stiffness kp only when the plastic deformation ∆dp is more than an optimal user-defined 
threshold, ∆d. The selection of this optimal threshold ∆d is investigated in the next section. 
 
In addition, even for the half cycle with significant plastic response in Figure 3.7, the 
accuracy of the linear stiffness estimation is also affected by the transition between the elastic 
and plastic part, as shown in Figure 3.9. In the presence of this transition part, both segments 
3 and 4 contain a linear part and a curved part. Due to this curved part, the slope of segment 4 
is larger than the true slope of the post-yielding stiffness and the slope of segment 3 is smaller 
than the true value of the pre-yielding stiffness. Therefore, more accurate estimates can be 
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obtained if less data from this curved part is used for the regression analysis for segments 3 
and 4. To reduce the data in the curved part used in the linear regression, another threshold 





=)(                                                              (3.13) 
where n is the total number of data in this half cycle and ∆n is the number of data eliminated 
in the regression analysis.  
 
Thus, the linear regression can be implemented using data [
2t
X , ntX ∆−3 ] in segment 3 for 
estimation of ke and data [ ntX ∆+3 , Xn] in segment 4 for estimation of kp. It can be seen that if 
the selection of P(n) is too small, the effect of the curved part would not be reduced 
effectively, and if too big, the data in the linear part could also be eliminated, which may 
affect the accuracy of the estimates due to the insufficient regression data. Therefore, the 
selection of the optimal threshold P(n) is also investigated. 
 
Figure 3.7: Nonlinear half cycle with significant plastic response. 
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Figure 3.8: Nonlinear half cycle with narrow plastic response. 
 
 
Figure 3.9: Effect of transition part on stiffness estimation. 
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3.5 Results and Discussion 
3.5.1 Identification of the Number of Segment of Half Cycles 
Figure 3.10 shows the identification for the four-segment (r=4) half cycle over all 26 half 
cycles in the response. The calculated values of F(4|3) for four-segment half cycles are larger 
than 3
01.0S =18.66, which indicates the overall sum of squared residuals from the four-segment 
model is sufficiently smaller than the three-segment model. Thus, it permits the rejection of 
r=3 in favor of the four-segment (r=4) models for all half cycles above the rejection 
value 301.0S =18.66. The half cycles below the rejection value are processed to the next 
identification step. 
 
Figure 3.10: Identification of four-segment (r=4) half cycles. 
 
Figure 3.11 shows the identification results for the three-segment (r=3) half cycles, excluding 
from the analysis the half cycles found to be four-segment in Figure 3.10. The half cycles 
with the value of F(3|2) above the rejection value 201.0S =17.96 are identified as three-segment 
(r=3). And the remaining half cycles are identified in Figure 3.12. The half cycles with the 
value of F(2|1) above the rejection value 1 01.0S =16.64 in Figure 3.12 are identified as two-
segment (r=2), and the half cycles below 1 01.0S  are identified as one-segment (r=1) by default. 
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Figure 3.11: Identification of three-segment (r=3) half cycles, excluding the half cycles 
found to be four-segment (r=4). 
 
 
Figure 3.12: Identification of one and two-segment half cycles, excluding three and four 
segment half cycles. 
 
3.5.2 Effect of Thresholds ∆d and P(n) 
Figures 3.13 and 3.14 show the effect of the magnitude of ∆d on the estimate of the post-
yielding stiffness and pre-yielding stiffness (kp and ke). The estimated value used in the error 
bars from Figures 3.13-3.20 are calculated by all the 26 investigated half cycles in Figure 
3.10, and the error bars show the mean value with one standard deviation over these half 
cycles. For variable ∆d, the pre-yielding stiffness ke is robust because the elastic parts for all 
half cycles are large enough for assessment. However, the error of the estimated post-yielding 
stiffness kp is very large when the threshold ∆d is not used (∆d=0) and the threshold ∆d is low 
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(∆d=0.01m and ∆d=0.02m). The estimates of kp are robust with error of 10.1% when the 
threshold ∆d is chosen to be 0.04m. 
 
Although the estimates are robust for both ke and kp when the threshold ∆d is chosen to be 
0.04m, the estimated value for pre-yielding stiffness ke is smaller than the true value, and the 
post-yielding stiffness kp is larger than the true value due to the effect of the transition part 
shown in Figure 3.9. Thus, the threshold P(n) in Equation (3.13) is used to obtain an accurate 
result. Figures 3.15 and 3.16 show the effect of selection of this threshold P(n) on the 
estimates of the post-yielding stiffness kp and pre-yielding stiffness ke with ∆d=0.04m. With 
increasing P(n), the estimated value is decreasing for post yielding stiffness and increasing 
for pre-yielding stiffness. The errors of estimates of ke and kp are within 5% when the 
thresholds P(n)=5% and ∆d=0.04m are used. Thus, accurate estimation of the post-yielding 
stiffness and pre-yielding stiffness can be obtained using larger thresholds P(n)=5% and 
∆d=0.04m. 
 
Figure 3.17 shows the resulting calculated cumulative plastic deformation. The cumulative 
plastic deformation drops as more half cycles are ignored with larger thresholds, as would be 
expected. However, the estimated result shows good agreement with the true value when the 
thresholds are not used (P(n)=0 and ∆d=0) for assessment, matching similar result in Chapter 
2. Thus, the threshold should not be used for the assessment of the cumulative plastic 
deformation, but should be used to obtain the post-yielding stiffness kp and pre-yielding 
stiffness ke. Such mixed use of thresholds is computationally simple and highly effective, as 
shown in Chapter 2. 
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Figure 3.13: Effect of ∆d on the estimates of post-yielding stiffness. The error bars show 
mean and one standard deviation over all half cycles. 
 
 
Figure 3.14: Effect of ∆d on the estimates of pre-yielding stiffness. The error bars show 




Figure 3.15: Effect of P(n) on the estimates of post-yielding stiffness. The error bars show 
mean and one standard deviation over all half cycles. 
 
 
Figure 3.16: Effect of P(n) on the estimates of pre-yielding stiffness. The error bars show 
mean and one standard deviation over all half cycles. 
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Figure 3.17: Estimates of cumulative plastic deformation. 
3.5.3 Effect of Loop Parameters (p, δa and µ) and Variable Pinching 
For different types of structural element, the pinching behaviour is obtained using variable 
loop parameters (p, δa and µ) of the SL model (Kunnath et al., 1997). As a result, the effect of 
variation in the loop parameters (p, δa and µ) on the estimated results is investigated. The 
thresholds P(n)=5% and ∆d=0.04m are used to evaluate the results with 10% RMS added 
noise. 
 
Figures 3.18 and 3.19 shows the effect of the transition parameter p when other parameters 
are constant. With the increase of p, both the post-yielding stiffness and pre-yielding stiffness 
show more accurate results compared to the true values, because the hysteresis loop with a 
larger value for p is closer to the underlying piecewise linear models assumed in this method. 
However, even for the extreme nonlinear hysteresis loop (p=1), the average errors for the 
estimates are less than 10%. 
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Figures 3.20-3.23 show the effect of the pinching sharpness parameter, µ, and pinching 
amplitude parameter, δa, when other parameters are constant, respectively. It can be seen that 
the estimates show a good agreement with the true value with variable of µ or δa for both 
post-yielding stiffness and pre-yielding stiffness. 
 
In addition, the effect of the loop parameters (p, µ and δa) on the estimation of the cumulative 
plastic deformation, which is a critical indicator of structural damage (Park et al., 1985), is 
also presented in Table 3.1. It can be seen that the worst estimated error is 10.9% of the true 
value and most errors are less than 5%, which indicates the estimation of the cumulative 
plastic deformation is robust to variation in loop parameters. Therefore, the method can yield 
accurate estimation of post-yielding stiffness, pre-yielding stiffness and cumulative plastic 
deformation for different types of hysteretic pinching behaviours. 
 
 
Figure 3.18: Effect of p on the identified post-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
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Figure 3.19: Effect of p on the identified pre-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
 
 
Figure 3.20: Effect of µ on the identified post-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
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Figure 3.21: Effect of µ on the identified pre-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
 
 
Figure 3.22: Effect of δa on the identified post-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
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Figure 3.23: Effect of δa on the identified pre-yielding stiffness. The error bars show mean 
and one standard deviation over all half cycles. 
 
Table 3.1 Effect of loop parameters on the identified cumulative plastic deformation. 
Loop parameters 





p=1.0 326 10.9% 
p=1.5 354 3.3% 
p=2.0 348 4.9% 
p=2.5 380 3.8% 
p=3.0 349 4.6% 
p=2 
δa=0.2 
µ=0.03 378 3.2% 
µ=0.04 397 8.4% 
µ=0.05 348 4.9% 
µ=0.06 349 4.8% 
µ=0.07 337 8.0% 
p=2 
µ=0.05 
δa=0.1 396 8.1% 
δa=0.15 352 3.8% 
δa=0.2 348 4.9% 
δa=0.25 330 9.8% 




3.5.4 Effect of Measurement Noise Level 
The 10% RMS noise was selected as a base noise level and added to measurements of ground 
acceleration, structural acceleration and displacement because it is considered to be a normal 
working range for civil engineering applications (Smyth and Wu, 2007), and big enough for 
good GPS sensor accuracy (Chan et al., 2006; Hann et al., 2009; Psimoulis and Stiros, 2008; 
Yi et al., 2013). However, the robustness of the proposed method to noise was also evaluated 
using high level noise compared with the base noise level with one set of loop parameters 
(p=2, δa=0.2, and µ=0.05), as shown in Table 3.2. It can be seen that the errors for ke, kp and 
∆dp show a smaller increase with the increase of noise level, which indicate a low sensitivity 
to noise. Thus, the proposed identification method can yield robust estimates of pre-yielding 
stiffness ke, post-yielding stiffness kp and cumulative plastic deformation ∆dp even at 20% 
noise level. 
 
Table 3.2 Effect of added RMS noise level on estimates. 
Parameters Noise level Estimates Error True 
ke (kN/m) 
10% 27.8 1.8% 
27.3 15% 28.5 4.4% 
20% 29.7 8.7% 
kp (kN/m) 
10% 1.82 2.8% 
1.77 15% 1.91 7.9% 
20% 1.89 6.8% 
∆dp (mm) 
10% 348 4.9% 
366 15% 334 8.7% 




3.5.5 Effect of Assumed Damping Ratio on the Estimates 
The commonly adopted 5% damping ratio used by design codes and standards (Atkinson and 
Pierre, 2004; Chopra, 2001; Pekcan et al., 1999) was used to reconstruct the restoring force in 
the identification algorithm. However, the damping ratio is variable for different structures. 
Thus, the effect of structural damping ratio on the estimated parameters was investigated 
under 10% added RMS noise, as shown in Table 3.3. It can be seen that the estimates of the 
pre-yielding stiffness, ke, are almost the same for different damping ratios, because the 
contribution of damping in the construction of restoring force is relatively very small during 
the elastic response. As the proportion of damping force in the total restoring force increases 
during the plastic response, the effect of different damping ratios on the estimates of kp and 
∆dp are relatively larger than for ke. However, the estimation errors are no more than 10% as 
the damping force is still a relatively small part of the total restoring force. 
 




Estimates Error True 
ke (kN/m) 
3% 27.7 1.5% 
27.3 5% 27.8 1.8% 
7% 27.9 2.2% 
kp (kN/m) 
3% 1.91 7.9% 
1.77 5% 1.82 2.8% 
7% 1.65 6.7% 
∆dp (mm) 
3% 368 0.5% 
366 5% 348 4.9% 




Overall, the sensitivity analysis shows very good robustness of the method to a wide range of 
hysteresis loop shapes and noise. It thus also shows the ability to track the evolution of 
stiffness ke and/or kp as a simple indicator of potential damage if necessary to identify 
degradation or other changes over an event or long time periods. Thus, the method should be 
able robustly to track a wide range of nonlinear behaviours and to monitor their temporal 
changes as underlying behaviours change.  
 
In addition, the method described for a SDOF system can be extended to a MODF system if 
the hysteresis loops are generated at each DOF. The overall method is also fully generable to 
different hysteretic structural models as the types of half cycles generated from different 
hysteresis loop are similar regardless of underlying mechanics. Hence, the method presented 
here is effectively general and significantly extends the results and method of Chapter 2. 
 
3.6 Summary 
This chapter develops a modified HLA method for the damage identification of a civil 
structure with nonlinear pinching behaviour from seismic response data. A general and 
nonlinear slip-lock pinching model was used to generate the pinching behaviour observed in 
civil structures, and a SDOF reinforced concrete structure was simulated for proof-of-concept 
with added RMS noise in measured acceleration and displacement records. The results show 
that the number of segments for the assumed piecewise linear model can be identified using 
an F type hypothesis test and the physical parameters of the structure were estimated by 
regression analysis for each identified half cycle. The pre-yielding stiffness and post-yielding 
stiffness were estimated accurately with the selection of two thresholds, and good estimates 
of cumulative plastic deformation can also be obtained without thresholds. In addition, the 
sensitivity analysis show that the identification method is robust to different pinching 
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behaviour and thus robust to evolution in response model parameters or degradation.  
 
Finally, the method avoids constraint to a highly specific structural model, and are thus fully 
generalizable to more complex structures. It is also not a  completely black box approach as it 
is implicitly based on fundamental underlying knowledge of structural mechanics and uses a 
far simpler computational method than GA’s and many other nonparametric algorithms. 
Thus, it is computationally simple and can be implemented automatically without requiring 
human input, which ensure a rapid assessment to offer significant information about 
structural damage and safety after a seismic event. 
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Chapter 4: HLA-based Structural Health Monitoring of a 12-storey single-bay 
Reinforced Concrete Frame Building 
4.1 Introduction 
Seismic damage in a steel moment resistance frame (SMRF) structure is primarily due to 
excessive plastic or yielding deformations, as observed in field investigations of damaged 
steel buildings after the Northridge (Mahin, 1998; Malley, 1998) and Hyogo-ken Nanbu 
earthquakes (Tremblay et al., 1996), as well as many seismic laboratory tests of steel 
structures (Krawinkler and Zohrei, 1983; Nader and Astaneh, 1991; Sabelli et al., 2003; 
Stelmack et al., 1986; Yamanouchi et al., 1989). However, structural damage for reinforced 
concrete (RC) frame structures, which are also very common in seismic zones, is not always 
due to such easily observed yielding during an earthquake. In these RC cases, damage may be 
significantly caused by cracking of concrete and/or bonding slip of reinforcement that result 
in a pinching behaviour in the hysteresis loop and reduced energy dissipation. Thus, detecting 
plastic, nonlinear effects as quantitative damage indices, such as cumulative plastic 
deformation and cumulative dissipated hysteretic energy, is more useful for damage 
assessment of SMRF structures, but may be less useful for RC structures. A lack of indices 
that easily quantify these more variable or diffuse forms of damage make this task more 
difficult. 
 
Storey stiffness is a good damage index in SHM, because stiffness in some floors will be 
reduced if damage occurs in those layers (Yoshimoto et al., 2005). In addition, stiffness 
degradation can reflect the severity of damage caused by both cumulative plastic deformation 
and cracking of concrete for RC structures (Maeck et al., 2000; Saatcioglu and Ozcebe, 1989; 
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Zhong et al., 2009). Further, no complex exponents are required to calculate the damage 
index of story stiffness. Therefore, many SHM methods, such as least squares estimation (Lin 
et al., 1990; Yang et al., 2007), extended Kalman filter (Jeen-Shang and Yigong, 1994; Yang 
et al., 2006; Zhang et al., 2002), and adaptive least mean squares (Chase et al., 2005a; Chase 
et al., 2005b; Nayyerloo et al., 2011), have been developed to track the variation of an elastic 
or secant stiffness of baseline model parameters to identify damage during earthquakes. 
However, these methods are sensitive to the addition of noise in the measured response and 
not as effective for highly nonlinear structures, especially with complex hysteretic behaviour. 
In addition, the accuracy and convergence of the estimation can typically depend on the 
quality of the initial guesses of unknown parameters. Thus, there are still significant 
limitations in all these methods that limit realistic nonlinear monitoring immediately after the 
earthquake. Finally, and most critically, none of them have been tested for RC structures with 
both low and high level events to see if they can detect and localize damage that may not be 
visible, or observable in overall structural response or modal properties.  
 
The ability to detect damage that is not visible is critical as many structures may be subject to 
many “small” events before a major event. The resulting damage after a major event is thus 
likely to be great due to initial damage. Pragmatically, all the major Christchurch events had 
two or more events at one time (GeoNet). Hence, the ability to detect highly nonlinear and 
variable damage across events is critical, for RC structures in particular, and an aspect that 
has not yet been directly tested in SHM. 
 
In Chapter 3, a HLA method was proposed for parameter identification of a SDOF pinching 
system using reconstructed hysteresis loop. The method showed the ability to track the 
variation of story stiffness automatically if degradation occurs during an earthquake and is 
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fully generalizable so it can be readily generalized to MDOF systems with different hysteretic 
behaviours. Thus, in this chapter, the identification algorithm is applied to an experimental, 
scaled 12-storey single-bay RC frame building subjected to low and high intensity shaking 
table tests to experimentally demonstrate the feasibility and robustness of this method for 
highly nonlinear response across multiple events. Severity assessment and localization of 
structural damage are achieved by tracking changes in elastic storey stiffness as a damage 
index over time for RC structures, and validated against experimental measurements and 
observations. 
 
4.2 Test Structure and Tests 
The shaking table test was conducted on a 1:10 scaled structural model of a 12-storey single-
bay RC frame building, as shown in Figure 4.1 (Lu and Li, 2004). The plan dimension of the 
building is 600×600mm. Each storey consist of a 12 mm thick floor slab and the storey height 
is 300mm. Thus, the total height of the structure is 3600mm excluding a 200mm high rigid 
base. All the columns have a constant cross section of 50×60mm, and the beams have the 
same cross section of 30×60mm. Figure 4.1(b) shows the elevation and main dimensions of 




         
(a)                                                                        (b) 
Figure 4.1: (a) Photo of shaking table test of RC frame model, and (b) Elevation of the 
testing RC frame model. 
 
The seismic weight of each floor for this test structure is 29.8kg, including artificial mass. 
The lateral stiffness k for each storey of the frame structure can be computed using the static 
condensation method. In particular, the stiffness matrix is formulated with 3-DOFs for the 













(a)                                                                    (b) 
Figure 4.2: Degree of freedom for (a) the first story and (b) the other stories. 
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A                   (4.3) 
Thus, the lateral stiffness kb and ks for the first and other storeys are determined by 
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Two stages of input ground motions based on the Shanghai artificial wave (SHW) were 
applied in the uniaxial direction (X direction), denoted as SHW1 and SHW2. The peak 
ground accelerations (PGA) are scaled to 0.09g for SHW1 and 0.258g for SHW2. Figure 4.3 
shows the time histories of the scaled input ground motions. The low and high intensity 
motions capture the possibility of unseen or unobserved, local damage becoming worse in a 
subsequent large event. The accelerations of the test building were recorded in the shaking X 
direction at the base and every two levels, at a sampling rate of 250Hz. Measured 







Figure 4.3: Time histories of scaled input ground motion (a) SHW1 and (b) SHW2. 
 
4.3 Analysis 
4.3.1 Reduction of Degrees of Freedom for the Test Structure 
To reconstruct a hysteresis loop for a storey, the measured response at each DOF is required. 
Therefore, the test structure is reduced to a six degree of freedom system with the 
accelerations of each DOF recorded. The reduction of degree of freedom is justified based on 
the fact that the response of the test structure is dominated by the fundamental mode and 








Figure 4.4: Time histories of deformations for all levels under (a) SHW1 and (b) SHW2. 
 
In particular, each two levels can be approximately modelled as a two DOF system, and then 
an equivalent single DOF model with an equivalent mass and stiffness can be calculated to 
represent the two DOF system, as shown in Figure 4.5. These equivalent calculated 













Figure 4.5: Equivalent single DOF model for each two levels. 
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The equivalent mass can be calculated using the principle of virtual work. In particular, at 
























&&                    (4.7) 
The displacement increment at each time step is obtained: 
)()1()1,( 222 iuiuiiu jjj −+=+∆                                          (4.8) 
Thus, the virtual work done by the external forces for the 2-DOF system can be determined: 
)1,())1,()1,(()1,())1,()1,(( 121222 +∆+++++∆+++=∆ −− iiuiiuiiumiiuiiuiiumW jgjjgji &&&&&&&&  
(4.9) 




22 +∆+++=∆ iiuiiuiiumW jgji &&&&                             (4.10) 
The sum of virtual work done by external forces in the two systems during the given 
















i WW                                                   (4.11) 
Because the structural behaviour is dominated by the first mode, the structural displacement, 
velocities and accelerations can be approximated: 
qU 1Φ≈    qU && 1Φ≈    qU &&&& 1Φ≈                                      (4.12) 
where q is the modal coordinate, and Φ1 is the first mode shape vector: 
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Substituting Equations (4.9)-(4.10) and (4.14)-(4.15) into Equation (4.11), the equivalent 
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It is noted that it is not necessarily needed to simplify the monitored structure into a reduced 
degree of freedom system by calculating the equivalent mass, if the accelerations of each 
floor are measured. In that case, the hysteresis loops can simply be reconstructed at each floor 
for the implementation of the identification algorithm. However, to obtain an accurate input 
force for the HLA method requires an equivalent mass when not all storeys are measured. 
 
4.3.2 Reconstruction of the Hysteresis loops 
To reconstruct the hysteresis loop for each reduced DOF, the equation of motion for the 




                                                  (4.17) 
where M
~
 is the equivalent mass matrix. A 5% damping ratio is typically used by design 
codes and standards for the calculation of classical damping matrix C if similar material and 
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damping mechanism are distributed over the height (Atkinson and Pierre, 2004; Chopra, 
2001; Pekcan et al., 1999). In addition, the half-power bandwidth approach is also commonly 
used in practice to evaluate the viscous damping ratios both in the field and laboratory 
(Olmos and Roesset, 2010), by finding two frequencies fa and fb that are equal to square root 
of 2 of the frequency fp at which the maximum amplitude of the response occurs. The formula 
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where fj is the restoring force between the jth and (j-1)th DOF. Combining Equations (4.17) 










&&&&&                        (4.21) 
The accelerations for the ground motion gx&&  and each reduced DOF ix&& were measured during 
the test. The displacements and velocities are obtained by direct integration of measured 
accelerations after a band pass filtering with a cut-off frequency of 0.5-20Hz to eliminate low 
and high frequency noise (Boroschek et al., 2003; Chaudhary et al., 2000; Ji et al., 2010; 
Masri et al., 2004; Sridhar et al., 2014).  
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Finally, the equivalent mass for each DOF is calculated using Equation (4.16) and listed in 
Table 4.1. It can be seen that the calculated equivalent mass matches very well between 
SHW1 and SHW2 with the largest difference only 0.39%. This small difference implies the 
motions of the test structure under these two events are both in the fundamental deflection 
mode as indicated in Figure 4.4.  
 
In addition, the calculated equivalent mass for both levels of ground motion is increasing 
from the base to the top DOF, because the relative displacement between each storey 
increases with height in the fundamental mode of vibration for this particular structure. 
Although the equivalent mass was calculated in this case, the mass matrix M in Equation 
(4.17) for the reconstruction of hysteresis loops can be simply obtained using the mass of 
each storey without modal analysis if measurements are available at each storey. 
 
Table 4.1 Calculated equivalent mass under SHW1 and SHW2 
DOF SHW1(kg) SHW2(kg) Difference (%) 
1 30.95 30.95 0.00 
2 50.09 49.97 0.24 
3 54.86 54.88 0.04 
4 57.48 57.57 0.16 
5 58.89 59.12 0.39 
6 59.21 59.31 0.17 
 
Hence, the hysteresis loops representing the load-deformation relationship for the jth DOF are 
finally reconstructed using the calculated restoring force fj from Equation (4.21) and the 
relative deformation (xj-xj-1) obtained from the measured accelerations. Figure 4.6 shows the 
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reconstructed hysteresis loops for each of the 6 reduced DOF under SHW1 and SHW2. It is 
clear that as PGA increases significantly between the two events, the structural response goes 
from linear to highly nonlinear, particularly in the second, third and fourth reduced DOF. 
Significant pinching behaviour and stiffness degradation occurred in these DOFs for the 
SHW2 event, which indicates a significant cracking damage in the related floors.  
 
Dividing the hysteresis loops into a number of half cycles in chronological order using the 
turning points where the deformation is local maximum or minimum, the changes of the 
stiffness and structural nonlinearity in response to strong ground motions can be extracted 
from the significant half cycles for damage detection and severity assessment. Figure 4.7 
shows four of the degrading half cycles (cycles 1-4) of the second DOF. It is clearly shown 
that the slopes of the elastic segments (k1, k2, k3, k4) of cycles 1-4 are decreasing as 
structural damage accumulates, which also enlarges the pinching range in the dynamic 
response.  
 
To quantify the degrees of damage, the number of segments of each of the half cycles is first 
identified using the proposed HLA method from Chapter 3. Regression analysis is then 
applied to the elastic segment of the identified half cycle, and the elastic stiffness is used as a 
damage index and tracked over time by calculating the slope value of this elastic segment. 









































































              
(a)                                               (b) 
Figure 4.6: Reconstructed hysteresis loop for each DOF=1 (top) to 6 (bottom) under column 




Figure 4.7: Degrading half cycles for the second DOF during SHW2. 
 
4.4 SHM Results for the Experimental RC Structure 
4.4.1 Results for SHW1 
The identification algorithm was first applied to the six hysteresis loops under the SHW1 
event as shown in the six Figures 4.6(a). The separated half cycles of each loop were 
approximated using piecewise regression models with the identified number of segments. The 
measured output restoring force obtained from the recorded data is plotted against the 
estimated model output in Figures 4.8(a) for comparison of the regression accuracy using the 
identified segment models. Figures 4.8 (b) show the estimation error between the measured 
and model output. It can be seen that the estimated model outputs of all six degrees of 
freedom fit very well with the measured data, which indicates the identified piecewise 
regression models accurately estimated the force-deflection relationships (hysteresis loops) of 
each degree of freedom of the building. Therefore, the slope of the elastic segment of the 
selected half cycles can be used to represent the elastic stiffness of the structure for damage 









(a)                                                                             (b) 
Figure 4.8: Force response under SHW1: (a) comparison of measured and estimated force 
output, (b) estimation error. 
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Figure 4.9: Identified evolution of elastic storey stiffness of each DOF under SHW1. 
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Figures 4.9 show the identified evolution of the elastic stiffness of each DOF under the 
SHW1 event. The calculated initial stiffness in Figure 4.9 is the initial stiffness of the 
equivalent DOF before the test and is obtained using Equations (4.1)-(4.6). Table 4.2 lists the 
comparison of the calculated and identified initial stiffness of each DOF under the SHW1 
event. It can be seen that the identified initial stiffness matches well with the calculated 
stiffness before the test and the largest initial estimation error is 5.7%. This result indicates 
the test structure was accurately represented using the proposed equivalent six DOF system 
with the equivalent mass estimated using Equation (4.16). It also shows the accuracy of the 
algorithm on a completely linear response. 
 











3 696 -4.7% 
4 708 -3.0% 
5 755 +3.4% 
6 706 -3.3% 
 
From the evolution of the stiffness in Figure 4.9, it can be seen that no significant stiffness 
degradation is identified for the first, fifth and sixth DOF (DOF1, DOF5 and DOF6). These 
results indicate that these floors were behaving within a totally elastic response without 
damage when subject to the SHW1 event. However, linear stiffness for the second, third and 
fourth DOF (DOF2, DOF3 and DOF4) dropped 24%, 23% and 21% compared to the initial 
stiffness after SHW1, respectively. These changes occur between 3~6 seconds in Figure 4.9, 
which corresponds to the stronger motion period of SHW1 in Figure 4.3, providing a further 
qualitative validation.  
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Visual detection was implemented to the test building, but no cracks were observed after 
SHW1 (Lu and Li, 2004). However, slight pinching behaviour, caused by opening or closing 
cracks of concrete (Foliente and Noori, 1996), were observed from the significant half cycles 
of these DOFs, such as cycle-1 and cycle-2 for DOF2 shown in Figure 4.10. It is clearly 
shown that the hysteretic pinching behaviour occurred during these two half cycles, and cause 
a decrease in stiffness in this pinching area, as well as the stiffness degradation in the elastic 
segment. Thus, the structural elements of these floors could have experienced micro cracking 
or reinforcement slip during the SHW1 event, though they were not significantly damaged by 
external visual appearance. Hence, the method has detected what is visually clear in Figures 
















Figure 4.10: Pinching behaviour for the second DOF during SHW1. 
 
4.4.2 Results for the SHW2 Event (Damage Cracking Observed) 
SHW2 is much stronger than SHW1. Therefore, significant pinching behaviour was observed 
from the hysteresis loops of all the DOFs, as shown in Figures 4.6(b). Figure 4.11 compares 
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the force response output for the hysteresis loops under SHW2. Again, the model output 
shows very good agreement with the measured data of all six DOFs of the building subjected 
to the strong event SHW2.  
 
Figure 4.12 shows the evolution of the identified elastic stiffness for each DOF during the 
SHW2 event. Note the final stiffness of SHW1 in Figure 4.12 refers to the identified final 
stiffness of each DOF in Figure 4.9. It can be seen that the identified initial stiffnesses of 
SHW2 match well with the identified final stiffnesses of SHW1 with the identification 
difference within 7.5%, as listed in Table 4.3. These results should be expected for a good 
SHM method, and thus help validate the method and its continuity over different events. In 
addition, both the identified initial stiffnesses of SHW2 and the identified final stiffnesses of 
SHW1 for the first, fifth and sixth DOF (DOF1, DOF5 and DOF6) match well with the 
calculated initial stiffnesses before the SHW1 event, which also validate the lack of stiffness 
degradation seen for these DOF during the SHW1 event. 
 
Table 4.3 Comparison between the identified initial stiffness of SHW2 and the identified 
final stiffness of SHW1 
DOF 
Identified initial stiffness 
of SHW2 (N/mm) 
Identified final stiffness 
of SHW1 (N/mm) 
Difference 
1 1106 1090 +1.5% 
2 566 556 +1.8% 
3 604 562 +7.5% 
4 608 571 +6.5% 
5 775 748 +3.6% 































(a)                                                                             (b) 
Figure 4.11: Force response under SHW2: (a) comparison of measured and estimated force 









Figure 4.12: Identified evolution of elastic storey stiffness of each DOF under SHW2. 
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From Figure 4.12, it can be seen that significant stiffness degradation for the test building 
was identified for all the DOFs during the SHW2 event. In particular, the stiffness for the 
previously undamaged first, fifth and sixth DOF (DOF1, DOF5 and DOF6) dropped 35%, 
37% and 27%, respectively, compared to initial value of calculated stiffness. In addition, the 
stiffness for the previously damaged second, third and fourth DOF (DOF2, DOF3 and DOF4) 
dropped 50%, 53%, and 54%, respectively, compared to the calculated initial stiffness before 
the test, and significantly further from the reduced value seen after SHW1. Again, this 
degradation occurred, as expected, in the stronger motion portion of the ground motion from 
3~6 seconds. 
 
Visual inspection after the SHW2 event showed vertical cracks were observed at the beam-
column joint connection at floors 4, 5 and 6 (Lu and Li, 2004), which corresponds to the large 
drop of stiffness reported for the second, third and fourth reduced DOF (DOF2, DOF3 and 
DOF4), as shown in Figure 4.13. Therefore, the visual detected damage state of the test 
structure was successfully assessed by tracking the evolution of the structural elastic stiffness, 
and a large drop of the identified stiffness over 50% indicated a significant damage occurred 




Figure 4.13: Observed vertical cracks at the beam-column connection at floors 4, 5 and 6 
after the SHW2 event. 
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Stiffness degradation and damage of a RC structure are mainly caused by the inelastic 
yielding deformation and cracking of concrete resulting a pinching behaviour in the 
hysteresis loop. (Basu, 2005; Lee and Fenves, 1998; Powell and Allahabadi, 1988). Half 
cycles with both yielding and pinching behaviour were observed for the significantly damage 
second, third, and fourth reduced DOF (DOF2, DOF3 and DOF4) during the strong SHW2 
event, as shown in Figure 4.14. However, the yielding deformation for these DOFs is 
relatively small, and not the main cause of the observed and identified stiffness degradation 
compared to the pinching behaviour due to concrete cracking during the SHW2 event.  
 
In addition, structural degradation due to damage was also identified for DOF2, DOF3 and 
DOF4 during the small SHW1 event. However, yielding behaviour was not observed in the 
degrading half cycles of these DOFs, such as was shown in Figure 4.10. Thus, a simple 
method using a cumulative plastic deformation for damage estimation of RC structures 
ignores the fact that a significant portion or almost all of the damage can be caused by only 
the hysteretic pinching without yielding deformation occurring in the response. This result 
implies that changes in elastic structural stiffness could be a better damage index than the 
cumulative yielding deformation for reinforced concrete structures with hysteretic pinching 














































































Figure 4.14: Identified half cycles with yielding and pinching deformation for the second, 
third and fourth DOF during the SHW2 event. 
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4.4.3 SHM results compared to the natural frequency analysis 
Three identical low intensity white noise excitations WN1, WN2 and WN3 were applied to 
the test structure as input ground motions before the SHW1 event, after the SHW1 event 
(before SHW2) and after the SHW2 event, respectively. These tests provide an assessment 
based on examine the natural frequency of the test structure at each stage, and thus another 
measure against which to validate the results shown. The transfer functions amplitude of 
accelerations at each measured floor are plotted in Figure 4.15. Although the measures of 
natural frequencies for all the modes depend on the characteristics and locations of input and 
output, the variations of natural frequency before SHW1, after SHW1 and after SHW2 can be 
identified by the exhibited modes under the white noise excitation. 
 
It is apparent that the fundamental natural frequency dominates the transfer functions for 
WN1, WN2 and WN3, as would be expected. Figures 4.15(a) and 4.15(b) show that the 
fundamental frequency after the SHW1 event (WN2) is reduced by 14% compared to WN1 
before the SHW1 event. This reduction indicates the stiffness of the test structure has 
deteriorated during the SHW1 event. This result corresponds to the prior identification result 
that the test structure has experienced micro concrete cracking, but not significant damage 
during the SHW1 event with stiffness degradation over half the structure.  
 
It can also be seen that the frequency after the SHW2 event (WN3) is 38% smaller than the 
frequency in WN2 before the SHW2 event. This result also coincides with the prior 
identification result that the test structure was much more significantly damaged during the 
SHW2 event. Hence, the qualitative assessment by modal analysis matches the results of the 


























Figure 4.15: Amplitude of transfer functions of accelerations at each measured floor under 
(a) WN1 before the SHW1, (b).WN2 after the SHW1 and (c) WN3 after the SHW2 
 
However, the changes of natural frequency between WN1 and WN2, as well as between 
WN2 and WN3 for all the measured floors are for the whole structure. Thus, the damage 
cannot be localized by detecting modal properties. In addition, the severity of damage is thus 
only generally identified to the whole test structure, but not specifically detected for each 
storey using this type of frequency-based analysis. Finally, the small changes before and after 
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the SHW1 event are close to some experimental errors and instantaneous variation of 
frequency in the field (Clinton et al., 2006), and do not necessarily capture the level of local 
damage found in this study. Therefore, the proposed identification method offers significant 
advantages and insight in detecting the location and severity of damage over any typical 
vibration-based methods, as discussed in Chapter 1. 
 
4.5 Summary 
In this chapter, the proposed HLA SHM algorithm was applied to a single-bay 12-storey 
scaled experimental reinforced concrete structure subjected to two sequentially small and 
large input ground motions, SHW1 and SHW2. The test structure was assessed to be within 
safe stage with slightly damage after the SHW1 event, because no stiffness degradation was 
identified for the first, fifth and sixth DOF, and less than 24% losses of stiffness were 
identified for the other DOFs without visual cracking damage observed. Significant damage 
was then identified during the SHW2 event for the second, third and fourth DOF with over 
60% losses of stiffness, and visual vertical cracks were observed at the beam-column joint 
connections of the corresponding floors. The natural frequency in WN1 before the SHW1 
event was also found to be 14% smaller than the frequency in WN2 after the SHW1 event, 
and much larger reduction of frequency by 38% was found between the WN2 before the 
SHW2 event and WN3 after the SHW2 event. The identification results between the 
proposed method and the natural frequency analysis show that the monitoring algorithm is 
capable of assessing the damage severity and location of the MDOF RC structure by tracking 
the evolution of the structural elastic stiffness of each DOF. 
 
In addition, the differences between the identified initial stiffness and the calculated initial 
stiffness before the test are less than 5.7%. This outcome indicates the test structure can be 
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accurately represented using the equivalent six-DOF system dominated by the fundamental 
mode of vibration. For more complex structures, the method is fully generable to more DOF 
if the accelerations of each DOF are recorded. The identified initial stiffness before the 
SHW2 event also matches well with the identified final stiffness after the SHW1 event, 
which validates the continuity of the method over different event. 
 
Finally, no yielding behaviour was observed for the slightly damaged floors during the 
SHW1 event. However, stiffness degradation was identified for these floors with pinching 
behaviour observed in the hysteresis loops. In addition, only small yielding deformations 
were found for these damage floors with significantly degradation of stiffness during the 
SHW2 event. These results imply that the damage and degradation to the test structure were 
mainly caused by the cracking of concrete rather than the structural yielding, and the storey 
stiffness could be a better damage index than the cumulative yielding deformation for the 
reinforced concrete structures with hysteretic pinching behaviour.  
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Chapter 5: Comparing the Model-free HLA method and Model-based Adaptive LMS 
Filters for Structural Health Monitoring  
5.1 Introduction 
Numerous structural health monitoring (SHM) techniques have been developed to detect 
seismic structural damage of civil infrastructure. As discussed in Chapter 1, many current 
SHM algorithms are based on a proposed baseline structural model and identify parameters, 
using least square estimation (Lin et al., 1990; Yang and Lin, 2004; Yang et al., 2007), H ∞ 
filters (Sato and Qi, 1998), extended Kalman filters (Jeen-Shang and Yigong, 1994; Yang et 
al., 2006; Zhang et al., 2002), unscented Kalman filters (Wu and Smyth, 2007; Wu and 
Smyth, 2008) and adaptive LMS filters (Chase et al., 2005a; Chase et al., 2005b). These 
model techniques can perform effectively when the numerical model is a suitable 
representation of the real system. However, they can produce erratic results when the model 
is not well defined, or for linear systems based methods, poorly linearized (Yao and Pakzad, 
2014). Hence, if a good baseline model is unavailable, there is a significant, but unknown, 
risk of a poor identification result, since ground truth is not fully known, experimentally. 
 
The HLA method presented in Chapters 2-3 and applied in Chapter 4 is implicitly based on 
fundamental underlying structural mechanics, and is not a black-box approach like neural 
networks or similar. It thus avoids the constraint of a single or fixed model as the model-
based methods require, while identifying structurally relevant parameters. In this chapter, the 
performance of the proposed model-free HLA method is compared to a known model-based 
SHM algorithm to demonstrate the robustness and effectiveness of different algorithms in 
damage identification of MDOF structural systems with different hysteretic behaviours 
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during earthquakes.  
 
The model-based SHM method for comparison is an adaptive LMS filter based algorithm 
directly identifying changes in structural stiffness due to damage or modelling error. The 
major advantages for the adaptive LMS-based filter are its noise resistance and computational 
efficiency (Ifeachor and Jervis, 2002), which is not necessarily the case for the Kalman filters 
and recursive least square methods. This model-based adaptive LMS algorithm has been used 
for a benchmark problem (Chase et al., 2005a) and also for a nonlinear experimental pre-cast 
rocking structure with response regimes changing rapidly during a large magnitude seismic 
event (Chase et al., 2005b). However, it has not been verified for more typical buildings, such 
as RC frame structures, which can experience highly nonlinear pinching behaviour during 
large earthquakes, as seen in Chapter 4. 
 
In this chapter, the adaptive LMS filter algorithm is first applied to the 12-storey single-bay 
experimental structure presented in Chapter 4, and the SHM results between the adaptive 
LMS method and the HLA method are compared for linear and nonlinear response including 
hysteretic pinching. A calibrated numerical model yielding damage similar to the 
experimental structure is used to further validate the experimental SHM results against 
known true changes, and thus quantify the relative efficacy of the two different methods for 
RC structures. Finally, the algorithms are also tested using a simulated model representative 
of a steel moment resistance frame (SMRF) structure that has similar overall damage, but a 
simpler hysteretic behaviour typical of steel structures. 
 
This last test assesses any error as a function of the mismatch between the model used for 
identification and the actual outcome and response. The method of Chase et al. (Chase et al., 
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2005a; Chase et al., 2005b; Kuang et al., 2015) used a typical shear structure model frame 
work, which may not capture a RC structure perfectly, but better matches SMRF response. 
Hence, this analysis can quantify the impact of model mismatch on identification. 
 
5.2 Adaptive LMS-based Filter Method 
5.2.1 SHM Problem Definition 
If major damage occurs in a structure from an earthquake, structural stiffness will change 
significantly over time. However, changes in mass are not likely to be significant. Changes in 
the damping matrix could occur slightly due to hysteresis, but can also be identified in 
hysteretic changes of stiffness. Thus, in this case, the simplest equation of motion for a 
damaged structure with n degrees-of-freedom can be defined: 
{ } { } ( ) { } FIMKKCM =⋅⋅−=⋅∆++⋅+⋅ gxvtvv &&&&& )(                              (5.1) 
where M, C and K are the mass, damping and stiffness matrices, respectively. { }v , { }v&  and 
{ }v&&  are the measured response of the damaged structure, and gx&&  is the ground acceleration. 
The time-varying term )(tK∆ represents the changes in stiffness and can be sub-divided into n 
matrices with time-varying scalar parameters αi, to be identified using the adaptive LMS 
filter. 
 
For the 6-DOF reduced system of the experimental structure of Chapter 4 in this case, K∆ is 
divided into six matrices to allow independent identification of changes in effective stiffness 
of each DOF 1k∆ , 2k∆ , 3k∆ , 4k∆ , 5k∆ , 6k∆ : 
665544332211 KKKKKK ∆+∆+∆+∆+∆+∆=∆ ααααααK                     (5.2) 
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where 
11 k∆=α , 22 k∆=α , 33 k∆=α ,  44 k∆=α ,  55 k∆=α ,  66 k∆=α                 (5.3) 




















































































































































































Hence, Equation (5.1) can be rewritten: 







α&&&                                   (5.5) 
Note Equation (5.5) is true only if the αi have the correct values. Thus, the varying stiffness 
term at any discrete time k, is simply the error between the linear model and the actual 








α                               (5.6) 
where Fk is the input load vector at time k, and kv , kv&  and kv&&  are the measured 
displacement, velocity and acceleration at time k. Hence, the signal yk represents the error of 
the linear model due to damage and/or nonlinear effects, and can be readily modelled using 
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an adaptive LMS filter so that the coefficients αi can be readily determined form the reduced 
noise modelled signal at each time step. 
 
5.2.2 Adaptive LMS-based Filter 
An adaptive filter is a digital filter with coefficients that can change over time to improve its 
performance, allowing the filter to adapt to changes in the noisy input signal characteristics. 
Because of their self-adjusting performance and built-in flexibility, adaptive filters have 
found use of modelling signals in many applications, particularly if: 
• It is necessary for the filter characteristics to be variable and algorithmically, adapted 
to changing conditions, 
• There is spectral overlap between the signal and noise, or 
• The band occupied by the noise is unknown or varies with time. 
 
Adaptive filters can be used for adaptive noise cancelling, linear prediction and system 
modelling (Ifeachor and Jervis, 2002). In this case, the adaptive filter is used as a system 
modeller to identify the individual scalar elements αi of the signal yk in Equation (5.6). Figure 
5.1 shows the process of this system modelling filter (Blome, 2004). 
 
 


















kx  is the input signal of the filter, ky  is the measured output signal, kn̂  is the modelled 
output signal and ke  is the error between the measured output and the filter estimation. Wk is 
the adjustable filter coefficient vector or weight vector. Thus, the goal is to adjust the 
coefficients of the filter to minimize the error signal using an adaptive algorithm. 
 
One of the most widely used adaptive filtering algorithms is the least mean squares (LMS) 
algorithm using an estimator of the gradient instead of its actual value, considerably 
simplifying the calculations of the algorithm (Diniz, 2013). In particular, the coefficients of 
the filter are adjusted sample-to-sample to minimize the error signal ek between the measured 










Tˆ α                                  (5.7) 
where Xk is the vector input to the filter model of current and previous filter output, n is the 
number of degrees-of-freedom and m is the number of prior time steps or taps considered. Wk 
is the adjustable filter coefficient and the Widrow-Hopf LMS algorithm is employed to 
update the filter weigh Wk (Ifeachor and Jervis, 2002): 
MSEWW kk ∇−=+ µ1                                                       (5.8) 
where µ is a positive scalar that controls the stability and rate of convergence. MSE∇  is the 
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1 2µ                                          (5.10) 
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where the n×m matrix [ ]
mnkik
vKe ×∆
T is the same for all m elements in the ith row. Hence, the 
changes of effective stiffness of ith storey will be the sum over j of αij at time k. 
 
5.3 Case Study 1: Experimental Evaluation for an Experimental RC Structure 
This case study uses the same structure and data detailed in Chapter 4, sections 4.2-4.4. 
 
5.3.1 SHM Results and Verification under SHW1 
The effectiveness and robustness of the adaptive LMS and HLA methods were first compared 
using the data from the experimental structure used in Chapter 4. Figure 5.2(a), left column, 
shows the experimental SHM results of the SHW1 event for both methods and all six DOFs, 
where the initial value is the calculated linear stiffness before the test in Chapter 4, section 
4.3. It can be seen that no stiffness degradation was identified for the first DOF (DOF1) using 
both adaptive LMS and HLA algorithms, which indicate the linear force-deformation 
relationship for this floor during the small event SHW1. Larger drops of stiffness were 
identified for the second, third, and fourth DOF (DOF2, DOF3 and DOF4) using the adaptive 
LMS algorithm than with the HLA algorithm when slight pinching behaviour was observed 
for these DOFs as shown in Figure 4.10. Because the baseline model used for the adaptive 
filter is a linear effective model (per Chase et al, 2005b), there exists a model error as highly 
nonlinear pinching behaviour occurs, resulting in an overestimation of the stiffness 
degradation. 
 
In addition, no stiffness degradation was identified for the fifth and sixth DOF (DOF5 and 
DOF6) using the HLA algorithm. However, significant stiffness drops were identified for 
these DOFs by the adaptive LMS algorithm, as shown in Figure 5.2(a). These drops are due 
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to the baseline shear model creating a change in α that is not in data and then finding a best 
set of values of αi in Equation (5.2) to fit the data. It thus arises from the model structure 
imposed, per Equation (5.4). 
 
In addition, a rocking mechanism of RC structures can be activated by the vertical cracks at 
the beam-column interface during earthquakes, which have been observed in the Darfield 
(Canterbury) earthquake in 2010 (Kam et al., 2010). Thus, the pinching that occured for the 
second, third and fourth DOF, of which vertical cracks were observed consequently at the 
beam-column joint connection after the SHW2 event, suggest that these floors experienced 
micro concrete cracking or connection debonding at the beam-column interface during the 
SHW1 event and then induced a small amount of rocking to the dynamic response of higher 
floors. Hence, the response for the fifth and sixth DOF (DOF5 and DOF6) are not fully linear 
either, and the stiffnesses are underestimated using the shear model in the adaptive LMS 
algorithm. 
 
5.3.2 Model-based Verification of SHW1 Experimental Results 
Because the actual stiffness evolution is unknown a priori for the experimental structure, it is 
necessary to verify these SHM results using a near equivalent numerical model where 
everything is known. Therefore, a numerical model denoted Model I is simulated using the 
generalized Baber-Noori hysteretic differential model (Baber and Noori, 1985) to produce a 
similar damage state to the identified experimental building. Precise simulation for the 
damage scenario of the experimental RC structure with highly nonlinear hysteretic behaviour 
is very difficult. However, the magnitudes of stiffness degradation and hysteretic pinching in 
Model I were simulated to be similar to the identified experimental building for the second, 
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third and fourth DOFs using a set of time-varying model parameters. In addition, rocking 
behaviours for the fifth and sixth DOF were also considered in the simulation to represent a 
more accurate damage situation. 
 
In particular, the 6-DOF system of Model I can be formulated:  
{ } { } { } { } gxzxxx &&&&& ⋅⋅−=⋅+⋅+⋅+⋅ IMKKCM he                            (5.11) 
where M, C, Ke and Kh are the mass, damping, initial elastic stiffness and hysteretic stiffness 
matrices, respectively. { }x , { }x&  and { }x&&  are the measured relative response to the ground, and 
gx&&  is the ground motion acceleration. The relative hysteretic displacement { }rz  and total 
displacement { }rx  between each storey can be determined: 
{ } { }zz r ⋅= −1D            { } { }xx r ⋅= −1D                                          (5.12) 




























D                                                     (5.13) 
The relationship between the hysteretic displacement zi and total displacement xi at the i-th 
storey can be obtained (Baber and Noori, 1985): 
ηγβν /)]()[( 1 niii
n
iiiii zxzzxxAzhz &&&& +−=
−
                                 (5.14) 
where A, β, γ and n are the shape parameters. v and η are the strength and stiffness 
degradation parameters, and defined: 
)(1 tvεδν +=                                                           (5.15) 
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)()()1()( ττταε &                                            (5.17) 
The pinching function h(zi) is determined (Baber and Noori, 1985): 

















                                                  (5.19) 
))exp(1(101 εζζ p−−=                                               (5.20) 
))(( 12 ζλεδψζ ψ ++=                                               (5.21) 
where ζ10 is the measure of total slip; p is the constant that controls the rate of initial drop in 
slope; ψ is the parameter that contribute to the amount of pinching; δψ is the constant 
specified for the desired rate of pinching spread; and λ is the small parameter that controls the 
rate of change of ζ1 and ζ2. The model parameters for Model I are listed in Table 5.1. 
 
The simulated response of Model I was obtained using a Runge-Kutta integration method 
with a sample frequency of 250Hz, which is the same as the experimental sampling rate. 
Structural accelerations with 10% added RMS sensor noise were taken for each of the six 
DOFs, and then used for the application of these two SHM algorithms. The hysteresis loops 







Table 5.1 Baber-Noori model parameters for Model I 
Parameters DOF1 DOF2 DOF3 DOF4 DOF5 DOF6 
A 1.0 1.0 1.0 1.0 1.0 1.0 
β 0.5 0.5 0.5 0.5 0.5 0.5 
γ 0.5 0.5 0.5 0.5 0.5 0.5 
n 2 2 2 2 2 2 
δv 0.01 0.01 0.01 0.01 0.01 0.01 
δη 0~0.044 0.024~0.3 0.024~0.3 0.044~0.3 0~0.12 0~0.1 
ζ10 0.88 0.88 0.88 0.88 0.88 0.88 
p 0.004~0.1 0.2~0.6 0.2~0.6 0.2~0.6 0.3~1.0 0.7~4.8 
ψ 0.1 0.1 0.1 0.1 0.1 0.1 
δψ 0.005 0.005 0.005 0.005 0.005 0.005 
λ 0.2 0.2 0.2 0.2 0.2 0.2 


















































































































































(a)                                                                          (b) 
Figure 5.2: Comparison of SHM results under SHW1 for (a) the experimental structure data 















              
              
              
              
              
              
(a)                                               (b) 
Figure 5.3: Hysteresis loop for each DOF of Model I subjected to (a) the SHW1 event and 
(b) the SHW2 event. 
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Figure 5.2(b), right column, compares the SHM results of Model I subjected to the SHW1 
event using the adaptive LMS and HLA algorithms. It is thus a simulated numerical analogue 
of the experimental left column. Note that the exact stiffness in Figure 5.2(b) represents the 
true simulated evolution of Model I during SHW1. 
 
Comparing the same DOF between Figures 5.2(a) and (b), the identified stiffness evolution 
for Model I is very similar to the experimental structure. In addition, the identified total drops 
of stiffness of the experimental structure using the HLA method are also very close to Model 
I with the largest difference of 4.6%, as listed in Table 5.2. It can also be seen from Table 5.2 
that the identified stiffness degradation between the experimental structure and Model I using 
the adaptive LMS algorithm are also similar with the largest difference of 4.9%. These results 
imply that the damage scenarios of each DOF of the experimental structure subjected to the 
SHW1 event are well simulated using Model I, where the true evolution of stiffness is known 
for further more detailed and quantifiable examination of the two methods.  
 
Table 5.2 Identified total stiffness degradation of the experimental structure and Model 
I under SHW1 using the HLA and adaptive LMS method 
DOF 
HLA Adaptive LMS 
Experimental Model I Difference Experimental Model I Difference 
1 7.2% 2.6% 4.6% 0.9% 1.6% 0.7% 
2 23.8% 21.8% 2.0% 32.9% 34.9% 2.0% 
3 23.0% 18.4% 4.6% 38.9% 34.0% 4.9% 
4 21.8% 19.2% 2.6% 39.5% 40.1% 0.6% 
5 2.5% 1.1% 1.4% 16.2% 17.3% 1.1% 
6 1.4% 0.7% 0.7% 41.2% 38.5% 2.7% 
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Results from Figures 5.2(b) show that the HLA algorithm successfully captured the changes 
in stiffness of each DOF of Model I during the SHW1 event as it did experimentally, and also 
yielded accurate estimates of the final stiffness degradation with the largest error only 2.6%, 
as listed in Table 5.3. The adaptive LMS algorithm also yields an accurate estimation for the 
first DOF (DOF1), where only linear response occurred. However, stiffness degradation was 
again overestimated using the adaptive LMS method for the damaged second, third and 
fourth DOF (DOF2, DOF3 and DOF4) with nonlinear pinching behaviour occurred. In 
addition, stiffness estimations with errors of 17.3% and 38.5% were identified for the 
undamaged fifth and sixth DOF (DOF5 and DOF6), respectively, due to the nonlinear 
rocking behaviour in those floors, similar to the experimental results for DOF5 and DOF6 
with 16.2% and 41.2% stiffness degradation identified, respectively, and further validating 
what was observed. Again, these differences and resulting errors arises from a mismatch 
between the model used by the adaptive LMS method, and the observed behaviour. 
 
Table 5.3 Identification errors of stiffness degradation of Model I under SHW1 using 
the HLA and adaptive LMS method 
DOF Simulated true 
stiffness degradation 
HLA Adaptive LMS 
Identified Error Identified Error 
1 0% 2.6% 2.6% 1.6% 1.6% 
2 19.7% 21.8% 2.1% 34.9% 15.2% 
3 19.7% 18.4% 1.3% 34.0% 14.3% 
4 19.7% 19.2% 0.5% 40.1% 20.4% 
5 0% 1.1% 1.1% 17.3% 17.3% 




5.3.3 Experimental and Model-based SHM Results and Verification under SHW2 
Figure 5.4(a), left column, compares the experimental SHM results of SHW2 using these two 
algorithms. Note the initial stiffness in Figure 5.4(a) represents the identified final stiffness of 
SHW1 using the HLA method. Again, the damage scenario of the experimental structure 
subjected to the SHW2 event is simulated using the numerical model (Model I). The 
hysteresis loops of each DOF of Model I subjected to the SHW2 event are plotted in Figure 
5.3(b). Table 5.4 compares the identified stiffness degradation between the experimental 
structure and Model I using the HLA and adaptive LMS method. It can be seen that the 
stiffness degradation of Model I is very close to the experimental structure with the largest 
differences only 3.0% and 6.2% for the HLA and adaptive LMS method, respectively, which 
indicate a similar damage scenario between the experimental structure and Model I. 
 
Table 5.4 Identified total stiffness degradation of the experimental structure and Model 
I under SHW2 using the HLA and adaptive LMS method 
DOF 
HLA Adaptive LMS 
Experimental Model I Difference Experimental Model I Difference 
1 35.2% 37.4% 2.2% 53.2% 59.6% 6.2% 
2 49.9% 52.9% 3.0% 75.6% 78.4% 2.8% 
3 53.8% 54.0% 0.2% 80.8% 80.0% 0.8% 
4 54.4% 53.6% 0.8% 78.4% 79.3% 0.9% 
5 37.0% 37.8% 0.8% 61.9% 63.7% 1.8% 





Figure 5.4(b), right column, compares the SHM results of Model I subjected to the SHW2 
event using the two methods. It can be seen that the HLA algorithm still accurately captures 
the proper changes and trends in stiffness evolution under this large seismic event SHW2, 
and the largest identification error of the final stiffness is only 2.4% for all the DOFs, as 
listed in Table 5.5. However, the stiffness degradation is overestimated for all six DOFs using 
the adaptive LMS algorithm because of the nonlinear pinching behaviours that occur in all 
the floors during the larger SHW2 event do not match the underlying assumed model. These 
results also match the SHM results of the experimental structure in the fact that the identified 
stiffness degradation using the adaptive LMS algorithm is larger than the HLA algorithm to 
account for a mismatch of the model and nonlinear behaviour observed in RC structures. 
 
Table 5.5 Identification errors of stiffness degradation of Model I under SHW2 using 
the HLA and adaptive LMS method 
DOF Simulated true 
stiffness degradation 
HLA Adaptive LMS 
Identified Error Identified Error 
1 35.3% 37.4% 2.1% 59.6% 24.3% 
2 50.5% 52.9% 2.4% 78.4% 27.9% 
3 52.7% 54.0% 1.3% 80.0% 27.3% 
4 51.4% 53.6% 2.2% 79.3% 27.9% 
5 35.5% 37.8% 2.3% 63.7% 28.2% 






























































































































(a)                                                                          (b) 
Figure 5.4: Comparison of SHM results under SHW2 for (a) the experimental structure data 
and (b) the numerical simulated structure (Model I). 
 
129 
SHM results of both the experimental structure and Model I for SHW2 indicate the model-
free HLA method is more accurate in identifying highly nonlinear RC structures that exhibit 
pinching and rocking behaviours. The performance of adaptive LMS filer is limited to the 
baseline linear, time-varying stiffness model for the identification of nonlinear hysteretic 
behaviour. However, it was till adequate for capturing the general trends in dynamic stiffness 
changes or identifying model errors for highly nonlinear RC structure, which indicates a more 
complex baseline mode for this adaptive LMS method could achieve more accurate 
estimation, as might be expected, as long as it included similar nonlinear behaviour, such as 
in (Nayyerloo et al., 2011). 
 
5.4 Case Study 2: Performance Evaluation of SHM Methods for SMRF Structures 
Seismic damage for RC structures, such as the experimental structure in Case Study 1, is 
most commonly caused by pinching and yielding hysteretic behaviours that may not match 
common, simpler models used in many model-based SHM methods (Park, 1986; Toussi and 
Yao, 1983). However, damage of a steel moment resistance frame (SMRF) structure is 
primarily due to the excessive yielding behaviour (Mahin, 1998; Malley, 1998; Tremblay et 
al., 1996) and is a better match to such models. Therefore, a six DOF numerical model 
(Model II) with only yielding deformation considered for stiffness degradation was simulated 
using the classical Bouc-Wen hysteretic model (Bouc, 1967; Wen, 1976) that is 
representative of the hysteretic behaviour of a SMRF structure. 
 
The simulation of the 6-DOF system Model II is also generalized using Equations (5.11)-
(5.13). Because pinching behaviour is not considered in the Bouc-Wen model, the hysteretic 
displacement zi at the i-th storey is rewritten: 
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ηγβν /)]([ 1 niii
n
iiii zxzzxxAz &&&& +−=
−
                                  (5.22) 
where v and η are defined by Equations (5.15) and (5.16), respectively. The model parameters 
for Model II are listed in Table 5. 
 
Table 5.6 Bouc-Wen model parameters for Model II 
Parameters DOF1 DOF2 DOF3 DOF4 DOF5 DOF6 
A 1.0 1.0 1.0 1.0 1.0 1.0 
β 0.5 0.5 0.5 0.5 0.5 0.5 
γ 0.5 0.5 0.5 0.5 0.5 0.5 
n 2 2 2 2 2 2 
δv 0.01 0.01 0.01 0.01 0.01 0.01 
δη 0~0.04 0.016~0.15 0.009~0.144 0.034~0.144 0~0.144 0~0.134 
 
The mass and initial stiffness of Model II were chosen to be the same as the experimental 
structure, as well as Model I. The stiffness degradation of Model II is also simulated to be 
similar to the experimental structure and Model I. Structural responses for Model II subjected 
to the SHW1 and SHW2 event are generated at a sample rate of 250Hz using the Runge-
Kutta integration method. Structural accelerations of each DOF of Model II are assumed to 
be measured with a 10% RMS sensor noise added. The hysteresis loops of each DOF of 
Model II subjected to the SHW1 and SHW2 event are plotted in Figure 5.5. SHM results of 














              
              
              
              
              
              
(a)                                               (b) 
Figure 5.5: Hysteresis loop for each DOF of Model II subjected to (a) the SHW1 event and 



































The SHM results clearly show that the HLA algorithm still accurately captures, modelled and 
thus known, the proper changes and trends in stiffness evolution of each DOF of Model II, 
and the largest identification error for the final stiffness degradation is only 2.5%, as listed in 
Table 5.7. However, unlike the identification of RC structures in Case Study 1, the adaptive 
LMS algorithm also yields very accurate estimation of the stiffness evolution for Model II 
with only simpler bilinear yielding hysteretic behaviour considered. The largest identification 
error for the final stiffness degradation is also very small and only 1.9%, as shown in Table 
5.7. This outcome is attributed to the adaptive LMS filter and time varying parameters being 
a better match to such a bilinear hysteresis loop compared to the RC structure’s pinching and 
rocking. Thus, the identified stiffness using the adaptive LMS filter fluctuates between two 
values for linear and yielding stiffness, and the adaptive LMS algorithm and baseline model 
are capable of capturing those changes.  
 
Table 5.7 Identification errors of final stiffness degradation of Model II  
DOF 
SHW1 SHW2 
HLA Adaptive LMS HLA Adaptive LMS 
1 0.5% 0.0% 0.3% 0.9% 
2 0.3% 0.4% 1.5% 1.2% 
3 0.1% 0.7% 2.2% 1.8% 
4 0.7% 0.4% 1.8% 1.9% 
5 1.2% 0.3% 2.5% 0.7% 





In addition the first, fifth and six DOF were identified as remaining linear without stiffness 
degradation during the SHW1 event, matching the strictly linear behaviour simulated for this 
event. These results indicate these two algorithms are robust to both linear and nonlinear 
response when only yielding hysteretic behaviour occurs in the structural response, and for 
the adaptive LMS method, the model matches the observed response well. 
 
The SHM results are equally good for the SHW2 event where all six DOFs experience 
yielding and degradation. Both algorithms track the changes well in the presence of 
significant sensor noise. Hence, the choice of the baseline model must accurately capture the 
damage observed to obtain accurate SHM identification results. Thus, model-based methods 
are less robust to variation in the type of damage from an expected behaviour than the model-
free HLA method. 
 
5.5 Summary 
In this chapter, the effectiveness of the model-free HLA method was compared to a known 
model-based adaptive LMS method for damage identification of structures with different 
hysteretic behaviours and damage. 
 
SHM results of the experimental structure and matching numerical Model I show that the 
HLA algorithm is more accurate in identifying the highly nonlinear RC structures that exhibit 
hysteretic pinching and rocking behaviours due to damage that the baseline time-varying 
stiffness model of the adaptive LMS filter could not capture well. Thus, the performance of 
the adaptive LMS algorithm is limited when identifying time varying linear stiffness changes 
for the identification of RC structure. In particular, the stiffness degradation was 
overestimated for the damaged DOFs with hysteretic pinching behaviour as a result of a 
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mismatch between the baseline model and the observed data leading to the stiffness of 
undamaged DOFs identified as significantly different values to compensate. However, the 
adaptive LMS method still captures the general trends in stiffness changes. Future work on 
incorporating a more complex baseline model for this adaptive LMS method would broaden 
the application of this algorithm to hysteretic pinching systems with more accurate 
estimation. 
 
Finally, a simulated Model II with only hysteretic yielding behaviour typical of a SMRF 
structure is considered. Both algorithms were robust to both linear and nonlinear response for 
Model II. Undamaged floors were identified as remaining linear without stiffness degradation 
if no damage occurred at those floors during the earthquake, as desired, by both algorithms. 
In addition, the two algorithms were capable of capturing the proper changes in stiffness and 
identifying the final stiffness accurately for the simulated Model II.  
 
Hence, it is clear that the model-based SHM methods are less robust to damage behaviours 
that their underlying assumed models cannot capture well. The baseline model for such 
methods must therefore be chosen with care in experimental studies where ground truth may 
not fully known. 
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Chapter 6:  HLA and MRA-based SHM of Reinforced Concrete Structures with 
Damage Occurred Prior to a Sequence of Earthquake Events 
6.1 Introduction 
Reinforced concrete structures are very common in seismic zones. However, structural health 
monitoring for RC structures can be problematic and subjective due to their highly nonlinear 
and time-varying behaviour, particularly when structures were damaged with stiffness 
changing across elastic, pinched and hybrid regimes that are not known a priori and difficult 
to include in model-based SHM. As discussed in Chapter 5, the model-based SHM 
techniques require a suitable baseline model for the real system to yield accurate SHM 
results, which is not always the case where ground truth is not fully known. In addition, the 
accuracy of estimation also depends on a priori knowledge and the initial guesses of 
unknown parameters during the identification process. Thus, there are still significant 
limitations in the model-based methods that, in turn, limit realistic monitoring of nonlinear 
structural response.  
 
The results in Chapters 4 and 5 show the proposed HLA method is capable of identifying 
changes of nonlinear stiffness for damage detection and localization, as well as damage 
assessment. In addition, the HLA method avoids the constraint of an assumed baseline model 
as the model-based methods require for damage identification. Although, the overall results 
in Chapters 4 and 5 provide an excellent numerical and experimental validation of the 
effectiveness of the HLA method, it would be useful to extend the investigation to equally or 
more complex hysteretic behaviours.  
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In Chapters 4-5, the experimental structure is a single-bay 12-storey RC building. In this 
chapter, the HLA method is applied to a two-bay 12-storey RC building with cracks visually 
observed in the beam-column joints prior to a sequence of four shaking table tests that lead to 
different hysteretic behaviours. 
 
Hysteresis loops are reconstructed using the corrected accelerations and displacement 
measurements based on a multi-rate Kalman filter. Nonlinear stiffness of the experimental 
building is calculated for every half cycle using the HLA method to examine the evolution of 
structural behaviour during the four input ground motions. Structural degradation is evaluated 
by tracking changes of the stiffness of significant half cycles with full dynamic response. 
Finally, a wavelet multiresolution analysis (MRA) is proposed to extract an effective linear 
stiffness from the nonlinear stiffness identified using HLA. Both the presence and extent of 
the structural damage, as well as resulting natural frequency are determined using the 
identified effective linear stiffness. The accuracy and continuity of the proposed method are 
illustrated on modal analysis before and after the test. 
 
6.2 Testing Structure and Test 
The test structure is a twelve-storey 1:10 scaled RC frame building, denoted RCF12 in Figure 
6.1. The RCF 12 was designed with two bays in the x-direction of shaking and one bay in the 
y-direction. The dimensions in the two and one bay directions are 360mm×2 and 600mm, 
respectively. Each storey consists of a 12mm thick floor slab and the storey height is 300mm. 
Thus, the total height of RCF12 is 3600mm excluding a 110mm high rigid base. All the 
columns have a constant cross section of 50×50 mm, and the beams also have the same cross 
section of 30×60 mm. Considering the weight of non-structural elements and 50% live load, 
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the artificial mass is adopted as 113.3kg for the top (12th) floor and 122.3kg for the other 
floors, respectively. 
 
    
 
Figure 6.1: Photo and configuration of the tested RCF12. 
 
Four input ground motions were applied to the RCF12 in the uniaxial x-direction. The four 
input motions include the El Centro wave (El) from the Imperial Valley earthquake in 
Southern California (PEER, 2005), Shanghai artificial wave (SHW) based on the Shanghai 
Code for Seismic Design of Building (SGCMC, 2013), as well as the Wolong wave (WL) 
and Shifang wave (SF) from the 2008 Wenchuan earthquake (Li et al., 2008). Figure 5.2 
shows the peak ground accelerations (PGA) and time histories of these four earthquake 
records. Accelerations and displacements were recorded at the base, 2nd, 4th, 6th, 8th, 10th, and 





































Figure 6.2: Time histories of input ground motions in the sequence order: El, SHW, WL and 
SF (top to bottom). 
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It must be noted that the tested RCF12 was already a damaged structure before the shaking 
table tests (El, SHW, WL and SF) in this study. Vertical cracks were visually observed at the 
beam-column joint connections in the lower floors before the El event, as shown in Figure 
6.3. More vertical cracks were observed at these storeys after the test. In addition, diagonal 
cracks were also observed at the third, fourth and fifth floors, as shown in Figures 6.4(a)-(d), 
which indicate hinges had developed in these regions. Finally, vertical cracks were also found 
at the sixth and seventh storeys after the test, as shown in Figures 6.4(e)-(f). 
 
         
(a) 2nd floor                                                 (b) 3rd floor 
 
        
(c) 4th floor                                                   (d) 5th floor 
 
Figure 6.3: Photo of vertical cracks at the beam-column joints of RCF12 before El event. 
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(a) 3nd floor                                                 (b) 4th floor 
 
          
(c) 4th floor                                                   (d) 5th floor 
 
          
(e) 6th floor                                                   (f) 7th floor 
 





6.3 Reconstruction of Hysteresis Loops 
While accelerations and displacements were measured at the same sampling rate during the 
test, high-rate acceleration and low-rate displacement measurements are commonly applied 
for field monitoring (Li et al., 2006). In addition, direct integration of measured accelerations 
to obtain velocity is sensitive to noise (Worden, 1990; Xu et al., 2015). Hence, reconstruction 
of hysteresis loops can be distorted using the noisy measured accelerations and displacements 
directly, even with the same sampling rate.  
 
As a result, an online multi-rate Kalman filter method is used to estimate corrected 
displacement, velocity and acceleration based dual measurements of accelerations and 
displacements with either the same in this case or different sampling rate (Smyth and Wu, 
2007). In particular, the state space equations for a discrete system can be given: 
kkkk wBuAxx ++=+1                                                   (6.1) 
kkk vCxy +=                                                              (6.2) 
where xk is the state variable vector of displacement and velocity, uk is the input of measured 
acceleration, and yk is the measured output of displacement, w and v are white noise Guassion 
processes with distribution  (0,Q) and (0,R), respectively.  
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where ∆t is the displacement measurement sampling interval. The system matrices A, B and C 
























A                                (6.4) 
Hence, the discrete time Kalman filter can be processed using the steps: 
kkkkk BuxAx +=+ ,,1 ˆˆ                                                        (6.5) 
QAAPP kkkk +=+
T






+++ += RCCPCPK kkkkk                                          (6.7) 
]ˆ[ˆˆ ,111,11,1 kkkkkkkk xCyKxx ++++++ −+=                                       (6.8) 
kkkkk PCKP ,111,1 ][ ++++ −= I                                               (6.9) 
Therefore, the displacements and velocities can be estimated in real time using Equations 
(6.5)-(6.9) at time k∆t when displacement and acceleration are both measured, and using 
Equations (6.5)-(6.9) between the times k∆t when only acceleration measurements are 
available. Finally, a better estimation can then be obtained by smoothing a set of fixed 
interval data using a Rauch-Tung-Striebel (RTS) algorithm (Brown and Hwang, 1997). All of 
these well-known techniques can be readily applied in real-time. 
 
Hence, the hysteresis loops can be reconstructed for every two floors based on the corrected 
estimations of displacement, velocity and acceleration. Figure 6.5 shows the reconstructed 
hysteresis loops for each DOF sequentially subjected to the El, SHW, WL and SF earthquake 
event from the top to bottom. It can be seen that significant nonlinear behaviours occur at the 
first, second, third and fourth DOF (floors 1-8) during the earthquake excitations, which 
correspond to the observed cracking damage at the beam-column joint connections before 








(a) First DOF                        (b) Second DOF                         (c) Third DOF 






(d) Fourth DOF                        (e) Fifth DOF                         (f) Sixth DOF 
 
Figure 6.5: Reconstructed hysteresis loops for (a) first DOF, (b) second DOF, (c) third DOF, 
(d) fourth DOF, (e) fifth DOF and (f) sixth DOF sequentially (top to bottom) subjected to the 
El, SHW, WL and SF events from the top to bottom. 
Pinching range 
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In addition, it also can be seen from Figure 6.5 that the structural behaviour for a seriously 
damaged floor is in a pinching response regime when the magnitude of the dynamic response 
is small, and then moves to an elastic range as the response increases to significant 
magnitude. In particular, the hysteresis loops for DOF1-4, in which cracks were observed 
prior to the test, clearly shows that the slopes of the loop curves for the small WL event are 
similar to the slopes of the pinching range for the other large events, as shown in Figures 
6.5(a)-(d). However, the slopes for the WL event are much smaller than the slopes outside the 
pinching range for the other events, which indicates the structural behaviour of the WL event 
is only vibrating within the pinching and/or hybrid range outside of pinching motion, but not 
fully in an elastic range. 
 
6.4 SHM Results Using HLA Method 
6.4.1 Identified Evolution of Nonlinear Stiffness and Elastic Stiffness 
Figure 6.6 shows the identified evolution of nonlinear stiffness for the first DOF (DOF1) 
using all half cycles during the El, SHW, WL and SF event sequentially. It can be seen that 
the identified stiffness changes between the elastic stiffness, hybrid stiffness and pinching 
stiffness regimes during the El, SHW, WL and SF event. In particular, the changes of hybrid 
stiffness are very variable and determined by the relative size of the elastic segment during 
the half cycles where the ground motion is not strong. However, the changes of elastic 
stiffness are mainly due to structural degradation and can thus be identified using significant 








Figure 6.6: Identified evolution of stiffness for the first DOF (DOF1) using all half cycles. 
 
Figures 6.7-6.9 shows the details of the selected half cycles S1, S2 and S3 during the El, 
SHW and SF events. It can be seen that the measurement data of all these half cycles fitted 
well using the identified HLA regression models, and significant elastic segments are 
obtained in these half cycles for the evaluation of structural degradation. In addition, the 
integrations of these half cycles in Figures 6.7(b)-6.9(b) include a full nonlinear dynamic 
response compared to the measured hysteresis loops in Figures 6.7(c)-6.9(c), which clearly 
show that all the critical nonlinear characteristics of the hysteresis loops can be well 
represented by these significant half cycles. Therefore, the elastic stiffness of significant half 
cycles can be used for damage identification when the ground motion is strong, as also seen 












(a) Selected significant half cycles of S1 
 
(b) Half cycle integration of S1 
 
(c) Measured hysteresis loop of El (all half cycles) 
 
Figure 6.7: Significant half cycles of S1 during El event. 
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(a) Selected significant half cycles of S2 
 
(b) Half cycle integration of S2 
 
(c) Measured hysteresis loop of SHW (all half cycles) 
Figure 6.8: Significant half cycles of S2 during SHW event. 
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(a) Selected significant half cycles of S3 
 
(b) Half cycle integration of S3 
 
(c) Measured hysteresis loop of SF (all half cycles) 
Figure 6.9: Significant half cycles of S3 during SF event. 
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Figure 6.10 shows the identified elastic stiffness for the first DOF (DOF1) using the 
significant half cycles S1, S2 and S3. Figures 6.11-6.15 show the identified nonlinear and 
elastic stiffness for the other DOFs (DOF2-DOF6). It is noted that the ground motion during 
the WL event is very small and the seismic response is only within the pinching and/or a 
slightly hybrid range, as shown in Figure 6.5. Thus, no significant half cycles were generated 
during the WL event and the elastic stiffness for WL can be considered to be the same as the 
previous event. 
 
Importantly, it can be seen that the identified initial stiffness of the SHW event matched well 
with the identified final stiffness of the El event. These results should be expected, and thus 
help validate the method and its continuity over different sequential events. In addition, the 
identified initial stiffness of the SF event also matched well with the identified final stiffness 












Figure 6.11: Identified evolution of stiffness for the second DOF using (a) all half cycles and 






Figure 6.12: Identified evolution of stiffness for the third DOF using (a) all half cycles and 






Figure 6.13: Identified evolution of stiffness for the fourth DOF using (a) all half cycles and 






Figure 6.14: Identified evolution of stiffness for the fifth DOF using (a) all half cycles and 






Figure 6.15: Identified evolution of stiffness for the sixth DOF using (a) all half cycles and 
(b) significant half cycles. 
 
6.4.2 Summary of Damage of RCF12 
Table 6.1 lists the identified degradation of elastic stiffness for each DOF of RCF12. It can be 
seen that the stiffness degradation for DOF2-DOF4 are much larger than for DOF5 and 
DOF6 due to the larger shear force in the lower floor. These results are validated by the fact 
that more severe damage including cross cracks and diagonal cracks were observed at the 
beam-column joints for the third, fourth and fifth storey, as shown in Figure 6.4. However, 
only a few vertical cracks were observed at the higher sixth and seventh storey, and no cracks 





Table 6.1 Identified degradation of elastic stiffness of RCF12 
DOF 




(N/mm) El SHW WL SF 
1 4.5% 13.6% 0% 8.8% 18.1% 818 
2 11.2% 16.9% 0% 5.9% 34.0% 685 
3 18.0% 8.7% 0% 0% 26.7% 660 
4 13.1% 16.6% 0% 0% 29.7% 695 
5 3.5% 5.1% 0% 0% 8.6% 791 
6 0% 0% 0% 0% 0% 853 
 
In addition, the stiffness degradation for the first DOF (DOF1) is smaller than the upper 
storeys and no cracks were observed at the first floor, which is similar to the experimental 
and SHM results of the single-bay experimental RC building in Chapter 4. Because the 
damage or failure of RC buildings has been mainly attributed to soft-storey mechanisms 
during earthquakes (Goel, 2003; Naeim et al., 2000; Park, 1986; Sezen et al., 2003), many 
buildings have a soft storey at the first-floor level.  
 
The first storey of such structures is often used for stores and open commercial area without 
structural walls (Doǧangün, 2004). An abrupt change of lateral stiffness between frames of 
the first storey to the structural walls of the upper storeys can thus lead to a dangerous 
concentration of ductility demand in the soft first storey and further cause severe damage or 
collapse of the building during earthquakes (Park, 1986). Therefore, adequate structural walls 
should be considered and arranged in the first soft storey provided with poor structural 
features to prevent building collapse. A few examples that cracks were observed at the 
interior beam-column joints of the second storey rather than the first storey of RC frame 
building due to the construction of infill walls in the first storey, were presented during the 
field investigation after 2008 Wenchuan earthquake in China (Zhao et al., 2009). 
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The soft storeys for both the single-bay and two-bay RC frame experimental buildings are 
also upper storeys rather the first storey, because the experimental buildings were built 
without structural walls at any storey and the first storey had a much larger lateral stiffness 
than the upper storeys due to the strong connection between the columns of the first storey 
and the base. Therefore, damage primarily occurred at the upper storeys due to the greater 
deformation demand required during the earthquakes. 
 
6.5 Determination of Effective Stiffness Using MRA 
The application of the HLA method enables rapid identification of nonlinear structural 
stiffnesses for damaged structures. The extraction of the elastic stiffness based on the 
selection of significant half cycles can be used to examine structural degradation readily 
under strong earthquake excitations, such as the El, SHW and SF events used here. However, 
the elastic range became negligible when the structural response was small, as during the WL 
event, and only stiffnesses of pinching and/or hybrid range were identified to characterize 
structural deterioration. Therefore, a wavelet multiresolution analysis (MRA) is proposed to 
decompose an effective linear stiffness from the identified nonlinear half cycles using the 
HLA method for identifying the structural deterioration under both large and small event. 
 
In particular, the equation of motion for a MDOF nonlinear system can be defined: 
)())(()()()( tFtXFtXKtXCtXM ke =+++ &&&                                      (6.10) 
where M, C and Ke are the mass, damping and linear stiffness matrices, respectively. F is the 
force excitation vector. The nonlinear stiffness force Fk represents a deviation from the linear 
stiffness force KeX and can be approximated (Muravyov and Rizzi, 2003; Rizzi and 
Muravyov, 2000): 
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)())(( tXKtXF nk ≈                                                       (6.11) 
where Kn is the nonlinear contribution to the total stiffness and depends on the amplitude of 
vibration. Thus, the total nonlinear stiffness force FT can be defined: 
)()()( tXKKtXKF neTT +==                                            (6.12) 
When the displacement is small, the nonlinear stiffness becomes negligible and the total 
stiffness KT is reduced to the regular linear term Ke. Note that the natural frequency, w0, 
which is typically used for damage detection, is also measured from the linear response and 
can be calculated in terms of structural mass M and the effective linear stiffness Ke (Londoño 
et al., 2015; Rao and Gupta, 1999). However, the amplitude-dependent stiffness KT is 
attributed to the changes of nonlinear resonance frequency, w, which also depends on the 
amplitude of vibration and is shifted from its linear elastic natural frequency, w0, (Landau and 
Lifshit︠ s︡, 1976; Papadrakakis et al., 2011; Papadrakakis et al., 1996; Wang and Zheng, 2016). 
 
Therefore, the degradation of the effective linear stiffness Ke can be tracked to identify the 
damage that usually leads to a decrease of natural frequency, w0. In addition, the effective 
stiffness Ke is determined at each storey and can thus localize the damage, which is not the 
case for frequency-based SHM methods because damage in different storeys may cause 
similar changes in overall natural frequency (Pandey and Biswas, 1994; Vafaei et al., 2013). 
Finally, the effective stiffness Ke is present under both linear and nonlinear dynamic 
behaviour and can be identified at different event levels.  
 
To extract the effective linear stiffness Ke from the total stiffness KT, a multiresolution 
analysis (MRA) is applied to the total stiffness KT at each segment of the half cycles 
identified using the HLA in the previous section. In particular, any given signal f(x)∈L2(R) in 
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MRA can be decomposed to a sequence of closed subspace Vj of L2(R), j∈Z, which have the 
following properties (Mallat, 1989): 
LL 21012 VVVVV ⊂⊂⊂⊂ −−                                     (6.13) 
ZjVxfVxf jj ∈∈⇔∈ + ,)2()( 1                                  (6.14) 
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Consider j and k to be a dilation and translation index, respectively. An orthonormal basis, φ, 





k kxhx )2(2)( φφ                                          (6.17) 
where hk is the discrete low-pass filter. Hence, any function f(x)∈L2(R) can be approximated 
with resolution of 2j using its projection Pjf on Vj. In addition, an approximation at a space 
Vj+1 with the resolution of 2j+1 also contains all the information to compute the same function 
at a smaller space Vj because Vj⊂Vj+1. The difference details between the approximation 
space Vj+1 and Vj can represented using a wavelet detailed space Wj that is the orthogonal 
complement space of Vj in Vj+1, such that: 
jjj WVV ⊕=+1                                                    (6.18) 
Using the decomposition of Equation (6.18) recursively, Vj+1 can be written: 
ZlWWWVV jjllj ∈⊕⊕⊕⊕= −+ 11 L                           (6.19) 
where all the subspaces are orthogonal. An orthonormal basis, ψ, that is related to the scaling 
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where gk is the symmetric filter with gk=(-1)1-kh1-k. Therefore, the original signal f(x) can be 
expressed using the scaling (approximation) function φ and the wavelet (detail) function ψ at 










klkl xdxcxf ψφ                                (6.21) 
where cj,k and dj,k are the scaling and wavelet coefficients, respectively, and can be computed: 
∫>==< dxxxffc xjkj )(
~
)(, ,, φφ                                     (6.22) 
∫>==< dxxxffd xjkj )(~)(, ,, ψψ                                   (6.23) 
where φ
~
 and ψ~  are the complex conjugates of φ and ψ, respectively. Note φφ
~
=  and ψψ ~=  
if φ and ψ are orthogonal bases. 
 
Thus, the time-varying vector of the identified raw stiffness KT can be transferred into a series 
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The approximation terms interpret the inherent linear stiffness Ke that is amplitude-
independent in the total stiffness KT at a coarse scale J. However, the detail terms characterize 
the discontinuity and uncertainty information, whose evolution is based on the magnitude of 
vibration and noise level, in the raw stiffness at a finer scale j=1,…,J. 
 
Because the resolution scale can determine the occurrence or absence of a certain 
phenomenon, selecting an appropriate scale J is important for identifying the particular 
interest of Ke. Statistical laws of the loglog type offer a rough indication for selecting a 










≤≤                                                     (6.25) 
where N is the number of observations. In addition, the scale will be also such that at least 
one observation is within the support of the corresponding wavelet. 
 
Note that the application of MRA is not unique and depends on the choice of wavelet. Thus, 
no class of wavelets can yield good results for all applications (Chang and Shi, 2010). The 
selection of wavelet in this study is mainly based on the properties of good regularity and 
symmetry of the wavelet, which ensures smoothness and linearity in the frequency response 
phase as it is a very desirable property in many applications (Ovanesova and Suarez, 2004). 
Hence, the biorthogonal wavelet bior6.8, which is compactly supported spline wavelet for 
symmetry and exact reconstruction, is chosen for MRA from the Matlab Toolbox, and is 
shown in Figure 6.16. 
 
 







Figure 6.17: Identified effective linear stiffness Ke for each DOF. 
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Figure 6.17 shows the identified effective linear stiffness Ke for each DOF subjected to El, 
SHW, WL and SF event, sequentially. It can be seen that the effective stiffnesses were 
identified consistently between each event. The identified final stiffness of the nonlinear 
SHW event matched well with the identified initial stiffness of the linear WL event, and also 
the identified final stiffness of the WL event matched well with the initial stiffness of the 
following nonlinear SF event, which indicates the effective linear stiffness can be tracked for 
and over both linear and nonlinear events. 
 
To assess the accuracy of the identified results, the fundamental natural frequency is 
calculated using the identified initial stiffness of the El event, and then compared to the 
measured frequency from the transfer function of the white noise test WN1 before the El 
event. In addition, the fundamental frequency after the SHW event can also be obtained from 
the transfer function of the WL event for comparison to the calculated frequency using the 
identified final stiffness of the SHW event, because the amplitude of vibration for the WL 
event is mainly within the linear range and the natural frequency can thus be considered to be 
amplitude-independent. 
 
Figure 6.18 shows the measured transfer functions of the white noise test WN1 and the linear 
WL event. Table 6.2 lists the identified and measured frequency during these events. It can be 
seen that the identified fundamental frequency before the El event matched very well with the 
measured frequency of WN1 with only 1.4% estimation error. In addition, the identified 
frequency for the linear WL event also matched well with the measured frequency with 5.7% 
estimation error. These results imply that the effective linear stiffnesses that are related to the 
changes of natural frequency, were accurately identified for each DOF using MRA and can 
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In this chapter, the HLA method is further validated using a similar experimental two-bay RC 
building to the single-bay building in Chapter 4. Severe damage cracks were observed prior 
to the shaking table test El, SHW, WL and SF event, and thus lead to more complex 
hysteretic behaviours.  
 
The identification of the evolution of the nonlinear stiffness for each DOF show that the 
stiffness is changing among the pinching, hybrid and elastic stiffness based on the magnitude 
of the structural dynamic response. The elastic stiffness was obtained by selecting the 
significant half cycles and then used for identifying the stiffness degradation under strong 
earthquake events El, SHW and SF. The results show that the application of the HLA method 
enables an accurate and consistent identification of stiffness degradation over different strong 
events. In addition, the elastic range was negligible and no significant half cycles were 
generated during the small WL event, which indicated no further degradation occurred for 
this event. 
 
The proposed MRA method extracted an effective linear stiffness from the identified 
nonlinear stiffness by the HLA method. The results show that the effective linear stiffnesses 
were identified consistently between each event, and can thus be tracked for both large and 
small ground motions. In addition, the calculated fundamental natural frequency using the 
identified effective linear stiffness matched very well with the measured frequency. The 
estimation errors are only 1.4% and 5.7% for the WN1 and WL event, respectively. This 
results implies the effective linear stiffness was accurately identified for each story using the 
MRA method and can be an efficient index for damage for damage assessment and 





Chapter 7:  Performance Evaluation of the Base-isolated Christchurch Women’s 
Hospital (CWH) Building during Two Major Earthquakes in Christchurch 
7.1 Introduction 
Isolating of structures from ground motion is an effective way to protect the structure from 
damage in a strong earthquake. The basic concept of base isolation is to provide a low lateral 
stiffness between the structure and the foundation to lengthen the natural period of the 
building form its fixed base value and the dominant periods (1/frequencies) of the seismic 
ground motion. Thus, the transmission of earthquake motion and force to the superstructure 
of the isolated building can be significantly reduced (Skinner, 1993). 
 
Successful field performance of a base-isolated building was first recorded and validated in 
the University of South California (USC) Hospital building during the 1994 Northridge 
earthquake, USA. Due to the lead rubber bearings (LRB) isolation system, peak roof 
accelerations were reduced to 50% of the foundation acceleration, and the peak drift of the 
superstructure was less than 30% of the code specification (Nagarajaiah and Sun, 2000).  
 
The measured response of two high damping rubber bearing isolated buildings in Miyagi and 
Chiba, Japan were investigated during the 2011 Tohoku earthquake (Miwada et al., 2012). 
The study confirmed acceleration reductions in both buildings, and the maximum 
accelerations at the floor above the isolated layer were 41%-83% of those at the basement. 
The strong motion seismic records of Fukushima Dai-Ichi Nuclear Power Plant were also 
reported during the Great East Japan Earthquake in 2011 (Hijikata et al., 2011). This base 
isolated structure performed well in horizontal motion with the response reduced by 30% 
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from the basement pit. 
 
The Christchurch Women’s Hospital (CWH) building was opened in 2005 and is the only 
base-isolated structure in the South Island of New Zealand. The city of Christchurch was 
shocked by a series of major earthquakes between September 2010 and December 2011. A 
magnitude 7.1 earthquake (Mw7.1) on September 4th, 2010 caused widespread damage to the 
structures of the city, and a magnitude 6.3 earthquake (Mw6.3) on February 22nd, 2011 
caused more severe damage to the city business district and resulted in the losses of 185 lives. 
Because of the repeated occurrence of earthquakes in this region, a seismic monitoring 
system was installed at the CHW in September 2011 to collect the seismic response data for 
performance evaluation of a modern base-isolated structure in service during subsequent 
aftershocks (Gavin et al., 2012; Sridhar et al., 2014). In particular, seismic response of the 
CWH building during two major events (Mw5.8 at 1:58pm and Mw6.0 at 3:18pm local time) 
were recorded on December 23rd, 2011 and are the largest magnitude events among over a 
hundred recorded seismic events (Kuang et al., 2015). These measurements thus provide a 
unique opportunity to identify a structure for two, similarly sized large events occurring 
within a few hours on an essentially unchanged structure. 
 
In this chapter, the seismic measurements of the CWH building are used to investigate its 
structural behaviour, which is largely linear, during the two major Mw5.8 and Mw6.0 
earthquakes in December 2011. The hysteresis loops for the base isolation system and 
superstructure system are constructed using the recorded accelerations and/or displacements. 
The HLA method is then applied to the reconstructed hysteresis loops to identify the 
structural stiffness of each system for performance evaluation of the CWH building during 
the two events. 
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7.2 Building and Instrumentation 
The CWH building is a nine-storey reinforced concrete frame structure with cast-in-place 
columns and pre-cast beam elements. The building is regular in plan and elevation. The main 
dimensions are 76m long, 32m wide and 33m high. The four lower storeys were built with 
steel V-bracing to support transverse lateral loading, and the three higher storeys were built 
without V-bracing. The top two levels contain building service equipment and water tanks 
(Gavin and Wilkinson, 2010). In addition, the corridor of the CWH building is linked to 
adjacent Parkside West building at the fourth above-ground floor with sliding cover plates to 
provide seismic separation. The base isolation system of the CWH building consists of 41 
LRBs and four pot bearings founded on a concrete raft foundation slab. The design 
specifications of the LRBs and pot bearings are listed in Tables 7.1 and 7.2, respectively 
(Sridhar et al., 2014).  
 
Accelerometers and/or string potentiometer are located across the isolation layer, below and 
above the isolator, and the sixth storey (Kuang et al., 2015). In particular, a tri-axial 
accelerometer were installed at each location below the isolator and the sixth storey in both 
Northeast (NE) and Southwest (SW) corners. In addition, uni-axial accelerometers were 
installed above the isolator in both the NE and SW corners. The relative displacement 
between the foundation and the ground floor was also measured by uni-axial displacement 
sensors, providing a second, direct measure of this important motion. The installation of 
sensors in both NE and SW corner ensure both the translational and torsional responses of the 
superstructure are measured. Figure 7.1 shows the configurations and sensor locations of the 
CWH building. The detailed design and structural drawings of the CWH building were 
received from Holmes Consulting (Sridhar et al., 2014). 
170 
 
Table 7.1 Design parameters for LRB bearings 
Designation LRB 
Total design displacement (mm) 265 
Total maximum displacement (mm) 420 
Compression stiffness (kN/mm) 1794 
Design shear force at total design displacement (kN) 740 
Design area of hysteresis loop at total design displacement (kN.mm) 366600 
Average (dead load(DL)+serviceability live load (SLL)) (kN) 3495 
Average (DL+ SLL+E(DBE)) (kN) 4466 
Average (DL-E(DBE)) (kN) 2166 
Maximum (DL+live load (LL)) (kN) 4417 
Maximum (DL+SLL+E(MCE)) (kN) 6570 
Minimum (DL-E(MCE)) (kN) 357 
Note:  
1. Total design displacement is DBE (design basis earthquake) 
2. Total maximum displacement is MCE (maximum considered event). 
3. Design shear force is calculated as F=Qd+Kr∆ where Qd is the isolator characteristic 
strength, Kr is the stiffness and ∆ is the DBE displacement. 
4. Area of hysteresis loop is calculated as 4Qd(∆-∆y) where ∆y is the yield displacement of 
the isolator. 
 
Table 7.2 Design parameters for pot bearings 
Designation LRB 
Average (DL+ SLL) (kN) 4986 
Maximum (DL+ SLL) (kN) 5768 
Maximum motion (mm) +/-420 
Maximum rotation (rad) 0.006 











7.3 Recorded Response 
Figures 7.2 and 7.3 shows the recorded accelerations of both the NE and SW corners in the y-
direction for the Mw5.8 and Mw6.0 events, respectively. It can be seen that there is almost no 
difference in recorded accelerations between the NE and SW corners for the foundation and 
first level, and the recordings for the top level are also largely identical between both corners. 
This result indicates no significant torsional component was present in the building response, 
and thus only the recordings in the NE corner are used for the reconstruction of hysteresis 
loop and system identification.  
 
The superstructure of a base-isolated building is frequently assumed to be a lumped mass, 
since the isolated building should be quite rigid in comparison to the isolation system 
(Kulkarni and Jangid, 2002). However, the magnitude and phase of the recorded 
accelerations are different between the first and sixth levels during both the Mw5.8 and 
Mw6.0 events, as shown in Figures 7.2-7.3. Therefore, the superstructure of the CWH 
building does not approximate a rigid body as might be expected for a base-isolated structure.  
 
It also can be seen from Figures 7.2-7.3 that the peak accelerations of the top level were 
significantly increased compared to the isolator level and foundation, rather than reduced, as 
in successful performance cases of base isolation (Hijikata et al., 2011; Miwada et al., 2012; 
Nagarajaiah and Sun, 2000) from Introduction. In addition, the acceleration above the isolator 
was consistent with the acceleration below the isolator, which indicates the base isolation 
system was still within the stiffer linear range and did not significantly deform or lead to the 
period separation of the ground shaking and the building during the two events. These results 
imply both the BI and superstructure were behaving within a linear range during the two 
major events and further support a consideration of a multi-degree of freedosm of linear shear 
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model for the modelling of the superstructure (Kuang et al., 2015; Sridhar et al., 2014; Zhou 















































Figure 7.2: Recorded accelerations of Mw 5.8 event for (a) the top level, (b) above the 


















































Figure 7.3: Recorded accelerations of Mw 6.0 event for (a) the top level, (b) above the 




7.4 Reconstruction of Hysteresis Loop 
With the recorded response of the top floor, the ground floor (above the isolator) and the 
foundation (below the isolator), the CWH building is modelled as a two degrees of freedom 
system, as shown in Figure 7.4. Thus, two hysteresis loops can be reconstructed for the CWH 
building using just the measured data. In particular, the restoring force for each DOF (F1, F2) 
can be written: 
)()()( 211111 tFxcxxmtF g −−+−= &&&&&                                           (7.1) 
)()()( 122222 xxcxxmtF g &&&&&& −−+−=                                          (7.2) 
where gx&& , 1x&&  and 2x&&  are measured accelerations for the foundation, ground floor and top 
floor, 1x&  and 2x& are the velocities of the ground floor and top floor, respectively, and m1 and 
m2 are the mass of the BI system and the top level. The damping coefficients c1 and c2 can be 
obtained using the half-power bandwidth approach, as stated in Chapter 4. 
 
 




Because only the displacement between the foundation and ground floor (isolator 
displacement) was measured and no measurement was available for the top floor, the relative 
displacements between each DOF for the construction of hysteresis loop are obtained by 
double integration of measured accelerations of each DOF after band-pass filtering with a 
cut-off frequency of 0.5-15Hz to eliminate high frequency noise and low frequency drift. 
Figure 7.5 compares the integrated isolator displacement to the directly measured 
displacement, as well as the filtered displacement using the Multi-rate Kalman filter in 
Chapter 6. It can be seen that the integrated isolator displacement matched very well with the 
measured and filtered displacement, which indicates the application of band-pass filtering 
integration was capable of yielding accurate estimations of the relative displacements for the 
hysteresis loop of the first and second DOF using only acceleration measurements during 
these two major events. In addition, the corrected velocities 1x&  and 2x& for the first and second 
DOF in Equations (7.1)-(7.2) can thus also be obtained using the numerical differentiation of 
the integrated displacements, or the single, first integration. 
 
Hence, the hysteresis loop for the first and second DOF can be reconstructed using the 
calculated restoring force (F1,F2) and relative displacement (x1,x2-x1) during the Mw5.8 and 
Mw6.0 event, as shown in Figures 7.6 and 7.7, respectively. It can be seen from Figures 
7.6(a) and 7.7(a) that the BI system (DOF1) behaved linearly in both events. In addition, the 
slope of the hysteresis loop for the superstructure (DOF2) is much smaller than the slope for 
the BI system (DOF1), and also shows almost entirely linear elastic behaviour during the two 
events. However, higher mode response was present in the loop due to the assumption of one 
DOF for the entire superstructure, the actual response of which occurred in a flexible and 






























Figure 7.5: Comparing the integrated isolator displacement to the measured displacement, as 






































































Figure 7.7: Hysteresis loop for (a) the first DOF and (b) the second DOF during the Mw6.0 
event. 
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7.4 SHM results of the CWH building using HLA 
7.4.1 Identification for the BI system (DOF1) 
The reconstructed hysteresis loops for the base isolation (BI) system (DOF1) is first 
identified for both events. From Equation (7.1), it can be seen that the restoring force F1 for 
the BI system is affected by the restoring force F2 derived from the superstructure. However, 
the load-deformation relationship for the BI system can be still well represented using one 
DOF model (DOF1) because both the measurements below and above the isolator were 
recorded during the earthquakes, which directly yields the hysteresis loops with good linear 
behaviour compared to the superstructure (DOF2), which is less accurately approximated 
using only a single degree of freedom (DOF2) from the ground to measured top level. 
 
Hence, the hysteresis loops for the BI system are divided into half cycles using the loading-
unloading turning points. Because the hysteresis loops show highly linear behaviour during 
both events, as shown in Figures 7.6(a)-7.7(a). The separated half cycles are identified with 
one-segment and two-segment piecewise linear models, and the slope of the identified linear 
segments for the selected half cycles are then used to calculate the elastic stiffness for the BI 
system during both events.  
 
Figure 7.8 shows the identified evolution of elastic stiffness for the BI system during both 
events. It can be seen that no significant stiffness degradation or post-yielding stiffness of the 
base isolator is identified for the BI system during both events, which indicates the base 
isolator did not provide an effective yielding performance for energy absorption during the 
earthquake. .These results also match the observed behaviour of the hysteresis loops in 


































Figure 7.8: Identified elastic stiffness for the BI system of the CWH building subjected to (a) 
the Mw5.8 event and (b) the Mw6.0 event. 
 
In addition, the proposed MRA method in Chapter 6 is also applied to the identified half 
cycles using the HLA method to obtain the effective linear stiffness of the BI system during 
these two major earthquakes. Figure 7.9 shows the identified effective linear stiffness for the 
BI system (DOF1). It can be seen the effective stiffness remains linear during the two events 
and also matches the identification results of Figure 7.8, which indicate no damage or change 
in stiffness occurred to the BI system. However, the identified effective stiffness is much 
smaller than the elastic stiffness for the experimental RC structure in Chapter 6, because the 
hysteretic pinching occurred in the experimental RC structure and caused a more significant 
degradation in the effective stiffness for pinching regime than the elastic stiffness for elastic 




































Figure 7.9: Identified effective linear stiffness for the BI system of the CWH building 
subjected to (a) the Mw5.8 event and (b) the Mw6.0 event. 
 
Finally, both the identified elastic and effective stiffness are compared to the “corrected 
design stiffness” from the preliminary report that also assumed the CWH building as a similar 
two-DOF system (Kuang et al., 2015), is shown in Table 7.3. It can be seen that the identified 
stiffnesses match well with the corrected design stiffness with a maximum difference of 
6.5%. In addition, identified stiffnesses between the two events also matched each other 
indicating that the results are as consistent as they should be across two events in very close 
succession. These results validate the accuracy of the identification results, and also clearly 
indicate the isolator behaved linearly, not performing as designed, in both events. 
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Elastic stiffness (kN/mm) Effective stiffness (kN/mm) 
Identified Difference Identified Difference 
Mw5.8 1920 1795 6.5% 1849 3.7% 
Mw6.0 1920 1850 3.6% 1910 0.5% 
 
7.4.2 Identification for the superstructure (DOF2) 
In Chapter 4 and Chapter 6, the two 12-storey RC experimental buildings with every two 
floors recorded during the shaking table tests are accurately reduced to 6-DOF systems, 
because the response of the test structures are dominated by the fundamental mode and an 
equivalent single DOF model with an equivalent mass and lateral stiffness can be calculated 
to represent each two storeys. However, only the top floor of the superstructure for the base 
isolated CWH building was measured during the earthquakes. Thus, the nine-storey 
superstructure can only be reduced to a single degree of freedom for the reconstruction of 
hysteresis loop, and the lateral stiffness manifested in the hysteresis loop did not show a good 
linear behaviour when higher modes were involved in the structural response during the 
strong shocks, as shown in Figures 7.6 (b)-7.7(b). This issue is due to the fact that stiffness 
varies significantly over these stories, by design, due to the lower levels being braced, while 
the upper levels were not. 
 
Hence, the identification is applied to the half cycles that occurred during these main shocks 
when the fundamental mode dominates the structure response, and the equivalent linear 
stiffness is then identified for the equivalent single DOF of the superstructure during the two 
events. Figures 7.10-7.11 show the identified evolution of the elastic stiffness and effective 
stiffness for DOF2 during both events. It can be seen that the identified stiffnesses remain 
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linear during both events, which indicates no stiffness degradation or damage occurred for the 
CWH building during the two major earthquakes, although the BI system did not perform as 
designed. In addition, the identified average stiffnesses values also matched well between the 
two events, as listed in Table 7.4, which also suggests the superstructure behaved in a similar 
linear manner without damage during the two events. 
 
Table 7.4 Comparison of the identified stiffness for DOF2 between the two events 
Event 
Elastic stiffness  
(kN/mm) 
Effective stiffness  
(kN/mm) 
Mw5.8 992 973 


































Figure 7.10: Identified elastic stiffness for the superstructure of the CWH building subjected 





































Figure 7.11: Identified effective linear stiffness for the superstructure of the CWH building 
subjected to (a) the Mw5.8 event and (b) the Mw6.0 event. 
 
7.5 Summary 
In this chapter, the base-isolated CHW hospital building is identified for two major 
earthquakes Mw5.8 and Mw6.0 in December 2011 using the HLA method. The CWH 
building is reduced to a two-DOF system based on the recorded response below the isolator, 
above the isolator and the top floor of the superstructure.  
 
The identification results show that the base isolation system behaved entirely linearly during 
both events, and no yielding or nonlinear response was observed or identified for the isolator, 
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which shows a distinct, significant difference from the design intent and prediction. In 
addition, the comparison between the identified stiffnesses values and the “corrected design 
stiffness” calculated from the preliminary report also indicates the good accuracy of the HLA 
method.  
 
The superstructure of the CWH building was approximated as a single-degree of freedom due 
to the single measured floor in the top level. The lateral stiffness manifested in the hysteresis 
loop for the superstructure is determined by the contribution of higher modes during the 
strong shocks. However, the identification results of the half cycles occurred in the 
aftershocks indicate the superstructure also behaved in a linear manner without damage or 
structural degradation when the structural response is dominated by the fundamental mode. 
The identification for the response with higher modes could also be implemented if more 
storeys are measured that allows for more natural modes included in the response analysis 
during the earthquakes. 
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Chapter 8: Parameter Identification of the CWH Building Based on a Four-DOF Shear 
Force Model during the Two Major Earthquakes. 
8.1 Introduction 
As discussed in Chapter 7, the base isolation (BI) system of the CWH building behaved in a 
linear manner during the two Mw5.8 and Mw6.0 Christchurch earthquakes in December, 
2011. In addition, the dynamic behaviour of the superstructure of the CWH building was also 
found to be within linear range, and no damage or structural degradation were identified for 
the CWH building over these two events. However, the hysteresis loop of the superstructure 
did not show a good linear behaviour during the strong shocks of the two events because the 
superstructure did not behave as a rigid body, as successfully base isolated typical performs 
(Hijikata et al., 2011; Miwada et al., 2012; Nagarajaiah and Sun, 2000). Therefore, a more 
suitable model than a SDOF system is required to identify the parameters and characterize the 
dynamic behaviour of the nine-storey superstructure when higher modes were involved in the 
structural response during the two events. 
 
A number of researchers have investigated parameter identification methods for base-isolated 
buildings using different system models. Stewart et al. (1999) identified the structural model 
parameters of four base-isolated buildings using an equivalent time-varying linear model, 
based on the assumption of the superstructure as a SODF system and the isolation system 
with time-varying effective stiffness, to characterize the isolation performance during an 
earthquake. Furukawa et al. (2005) proposed a least-squares output-error minimization 
method to identify a base-isolated building affected by the 1995 Hyogoken-Nambu 
earthquake in Japan. The superstructure was modelled as a rigid body and the isolation 
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system was identified based on three different models, including a linear equivalent model, a 
bilinear mode and a tri-linear model. Results showed that the model parameters can be 
reasonably estimated and the trilinear model best fit the recorded response time histories. 
Huang et al. (2009) developed an iterative trial-and-error optimization procedure, based on a 
simplified bilinear model for the base isolation system and a multi-storey linear model for the 
superstructure. They identified the structural parameters of a base-isolated building using a 
Masing criterion to transform a multi-valued hysteretic restoring force function into a single-
valued function so that ordinary optimization methods can be applied. Xu et al. (2014) 
recently proposed a two-step regression analysis procedure to identify the physical 
parameters of a base-isolated structure. A bilinear model was chosen for modelling the base 
isolator, and the superstructure was assumed as a single-degree of freedom system. The 
hysteresis loops were divided into a number of half cycles and multiple linear regression 
analysis was applied to all half cycles to yield equivalent linear structural stiffness and 
damping. 
 
For all these system identification methods, a key element is the choice of proper models for 
the base isolation system and superstructure. The choice is primarily based on the actual or 
expected response of the building and isolators, and is thus extremely critical for accurate 
identification. Since, in a properly designed and implemented structure, the isolated building 
should be quite rigid in comparison to the isolation system, a superstructure is frequently 
assumed to be a lumped mass that significantly reduces computational effort (Kulkarni and 
Jangid, 2002). Otherwise, a multi-story linear model is considered for the superstructure 
(Kulkarni and Jangid, 2003). For the base isolation system, a nonlinear hysteretic model 
(Park et al., 1986) is widely used to characterize the nonlinear force-deformation behaviour 
of the LRB experiencing the inelastic seismic response expected by design (Gavin and 
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Wilkinson, 2010; Matsagar and Jangid, 2008; Nagarajaiah and Sun, 2000). However, the 
properties of a LRB can be modelled using a spring equivalent linear horizontal stiffness in 
the case that the ground motion is not very large or the base isolation system has no yielding 
under the ground shaking (Chen et al., 2007). Hence, the isolation layer response may vary 
significantly from the expected performance or have a range of behaviours, and thus have a 
significant, negative impact on the identified model’s accuracy. 
 
In this chapter, a four degree of freedom linear shear force model is proposed for the CWH 
building based on the identified eventually linear characteristics of the dynamic behaviour of 
the BI system and the superstructure, as well as the limited sensor measurements for the 
isolator and the sixth-story. They also account for the design evident change in superstructure 
stiffness. A modified Gauss-Newton method is then employed to identify the equivalent 
stiffness and damping coefficients of the proposed model and further validated using a 
simulated structure. The real seismic data are finally used for parameter identification to 
validate the seismic performance of the CWH building during the two earthquakes in 
Christchurch. 
 
8.2 Four-DOF Shear Force Model for the CWH Building 
The response analyses and identification results in Chapter 7 show that the dynamic 
behaviour of both the BI system and superstructure of the CWH building were essentially 
linear during the Mw5.8 and Mw6.0 earthquakes. Thus, the BI system is also modelled as a 
linear single degree of freedom system, the first DOF (DOF1), as in Chapter 7. However, the 
superstructure is modelled with a three DOF system, including the second DOF (DOF2), the 
third DOF (DOF3) and the fourth DOF (DOF4).  
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In particular, the second DOF (DOF2) represents the lower four levels with V-bracing, and 
the third DOF (DOF3) represents the higher three levels without V-bracing. The fourth DOF 
(DOF4) contains the top levels with service equipment and water tanks. This model is shown 
in Figure 8.1. Therefore, the accelerations for the first DOF (DOF1) and fourth DOF (DOF4), 
as well as the ground motion in the foundation, were recorded for the 4-DOF linear shear 
force model. To identify the equivalent stiffness and damping coefficients for the CWH 
building, the response for the second and third DOFs must be estimated using the recorded 
response and the assumed model, from which a modified Gauss-Newton method is employed 
to identify the parameters of the system. 
 
 
Figure 8.1: The four-DOF linear shear force model for the base isolated CWH building. 
 
8.3 Identification Method 
The equation of motion for the base-isolated building subjected to seismic excitation is 
defined: 
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Using Equations (8.1)-(8.4), the equation of motion for the directly measured first and fourth 
DOF are defined: 
gxmxKxKxCxCxm K &&&&&& 12212121211111 )( −=−++−+                            (8.6) 
gxmxKxKxCxCxm &&&&&& 4443444434344 −=+−+−                               (8.7) 
where the accelerations were measured, the velocity and displacement of x1 and x4 can be 
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obtained by direct integration after band pass filtering, and Kij and Cij are to be identified.  
 
Equations (8.6) and (8.7) can thus be rewritten in terms of unknown and unmeasured x2 and 
x3: 
),,,,(),( 1211211212212 tCCKKQxCKPx =+&                                (8.8) 
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For each time step h=ti-ti-1, the free terms Q1 and Q2 in Equations (8.11) and (8.13) can be 
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where Ai and Bi are constants determined by initial condition at t=ti-1. If x2(ti-1) and x3(ti-1) are 
known from the prior time-step t=ti-1, or initial condition at t=ti-1=t0, then the constants Ai and 
Bi can be determined using Equations (8.18) and (8.19): 
iii QatxA 1112 )( −= −                                                  (8.20) 
iii QatxB 2113 )( −= −                                                 (8.21) 
Then from Equations (8.18)-(8.21), the complete estimates for x2(ti) and x3(ti) with sampling 
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where θ=[K1, K2, K3, K4, a0, a1] is the parameter vector to be identified and it is iteratively 
updated using a Gauss-Newton formula: 
)(1)()1( )( sss RJJJθθ TT −+ −= α
))
                           (8.28) 
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8.4 Simulation and Validation Case Study 
A numerical study is first carried out to validate the performance of the proposed model, 
model-estimated DOF and final identification procedure in a controlled example where 
everything is known. The example structure is a four degree of freedom system with a set of 
parameters, including: m1=3892e+3kg, m2=12974e+3kg, m3=2595e+3kg, m4=3892e+3kg, 
and stiffness: K1=728kN/mm, K2=1120kN/mm, K3=280kN/mm, K4=300kN/mm. The 
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Rayleigh damping coefficients are a0=0.261 and a1=0.0087, yielding damping ratios of 5% 
for the first and second modes. 
 
The simulated structure was subjected to the El Centro earthquake of 1940. The system 
response was simulated using a Runge-Kutta method with a time step of ∆t=0.005s. The 
calculated response data was first utilised without added noise first, for proof of concept of 
the identification procedure.  
 
Figure 8.2 shows the estimates and convergence for the proposed parameters with different 
initial value guesses for K1-4 and a0-1. It can be seen that the final values of estimated 
parameters K1-4 and a1 rapidly converge to the exact values with different guesses. However, 
the convergence rate of a0 is shown to be slower than a1 because the proportion of the mass 
damping a0 is very small and sometimes almost negligible for the construction of the classical 
damping matrix (Chopra, 1995). Thus, the weight of a0 is much smaller than the weight of a1 
in the iteration process, which requires more iterations to obtain the exact value of a0. 
However, they all converge to the exact values with sufficiently small step size and large 
number of iterations. Thus, the identification method can yield accurate estimates of 
equivalent stiffness and damping coefficients of the system, including the use of unmeasured 
degrees of freedom x2 and x3, with clean measurements. 
 
Figure 8.3 compares the estimated and true simulated responses for x2 and x3 using an initial 
guess of 200% of the exact structural parameter values. The estimated response fits well with 
the simulated response, indicating the method can yield good estimates of the unrecorded 
response for x2 and x3 with clean (noise-free) measurements of for 1x&& and 4x&& .Hence, the 












































































































Figure 8.3: Comparison of the estimated response and the true response for the unmeasured 
DOF using the initial guesses of 200% of exact parameter values: (a) DOF2 and (b) DOF3. 
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To assess this approach’s robustness to noise, 10% random RMS noise was added to the 
measured ground and structural accelerations ( gx&& , 1x&& , 4x&& ). The mean values of the estimated 
parameters for 100 Monte-Carlo runs with random added noise and different initial guesses, 
are listed in Table 8.1. It can be seen that the average error of the estimated stiffness values is 
16.6% with the largest Monte-Carlo mean error of 31.7% using an initial guess of 200% of 
the exact parameter values. However, the average error of the estimated stiffness values is 
8.7% with the largest Monte-Carlo mean error 13.9% using an initial guess of only 150% of 
the exact parameter values and 11.5% with the largest Monte-Carlo mean error 19.3% using 
an initial guess of 50% exact parameter values. Most initial guesses, based on the knowledge 
of the design and structural dimensions would be well within ±50% for an undamaged 
structure. Hence, the robustness appears to be good for relatively large added noise. 
 
In addition, the robustness to noise was also evaluated using different levels of noise with 
different initial guesses, as shown in Figure 8.4. It can be seen that the average errors show a 
small increase with increasing noise. Good estimates with average errors less than 10% were 
obtained using an initial guesses of 150% of the exact parameter values for variable noise 
levels. Thus, the initial guess affects the identification accuracy with measurement noise. 
However, the estimated response using the estimated parameters shows good agreement with 
the true response for the unrecorded DOF2 and DOF3, even with 10% added noise using an 



















(200% of true value) 
1456 2240 560 600 0.522 0.0174 
Estimated 738 1053 231 395 0.336 0.0093 
True 728 1120 280 300 0.261 0.0087 
Monte-Carlo mean 
absolute error 
1.4% 6.0% 17.5% 31.7% 28.7% 6.9% 




(150% of true value) 
1092 1680 420 450 0.392 0.0131 
Estimated 734 1074 241 340 0.296 0.0091 
True 728 1120 280 300 0.261 0.0087 
Monte-Carlo mean 
absolute error 
0.8% 4.1% 13.9% 13.3% 13.4% 4.7% 




(50% of true value) 
364 560 140 150 0.131 0.0044 
Estimated 670 1132 301 242 0.212 0.0093 
True 728 1120 280 300 0.261 0.0087 
Monte-Carlo mean 
absolute error 
8.0% 1.1% 7.5% 19.3% 18.8% 6.9% 











Figure 8.5: Comparison of the estimated response and the true response for the unmeasured 
DOF with 10% RMS added noise using the initial guesses of 200% of exact parameter 
values: (a) DOF2 and (b) DOF3. 
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8.5 Identification of the CWH Building 
The initial choice of the stiffness parameters for the superstructure is based on the assumption 
that the floors are rigid, the columns are axially inextensible and no additional stiffness is 
taken into account due to the non-structural walls and panels (Chopra, 1995). Torsion was 
neglected because recorded acceleration data from the northeast corner are very similar to the 
southwest corner, as discussed in Chapter 7, despite a slightly irregular cross section. 
Therefore, stiffness, ks, for each level without V-bracing is approximated using the sum of the 
lateral stiffness of all columns. Considering approximately 80%-90% of the original elastic 
stiffness to be provided by bracing (Sabelli et al., 2013), the stiffness for the lower floors with 
V-bracing was assumed to be 2ks in the initial guess. These estimates should be well within 
±50% of the exact value. 
 
The total seismic weight of the CWH building is approximately 170,000kN (17.3×106kg), 
including the dead loads and the live loads. In particular, the dead loads are calculated from 
the dimensions of the structural elements and a normal concrete density of 23kN/m3(CCANZ, 
2010). The basic live loads are taken as 2kN/m3for the lower seven levels with wards, and 
3kN/m3for the top two levels with heavy equipment and utility (Standards New Zealand, 
1992). In addition, the inner foundation and the base isolation system is considered 15% to 
comprise the seismic weight (Kuang et al., 2015). Thus, the estimated mass for each DOF is 
m1=2.6×106kg, m2=7.8×106kg, m3=3.9×106kg and m4=4.7×106kg.  
 
The preliminary report and the identification results in Chapter 7 both show that the post-
yielding stiffness is not observed to be as prevalent as that of the pre-yielding stiffness from 
the measured load-deformation relationship, which indicate the isolation deformation is 
occurred in the linear region of the isolators. Thus, the initial estimation of stiffness for the 
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base isolation system is estimated to be 1921kN/mm from the corrected design linear 
stiffness. The classic Rayleigh damping ratio is assumed to be 5% for the first mode, and 
higher damping is assumed for higher modes (Clough and Penzien, 1993). 
 
8.5.1 First Cross Validation 
The method was first applied to identify the CWH building using the recorded accelerations 
of Mw6.0 earthquake. Although the overall duration of the earthquake excitation was ~ 232s, 
the parameter identification was carried out using only the main excitation measurements 
from 30s to 60s, as shown in Figure 8.6. The identified results were then used to simulate the 
response of the Mw 5.8 earthquake for cross validation of the identified parameters against 
data not used to identify the structural parameters. This approach should provide a robust, 
independent means of validation. 
 
Figure 8.6: Recorded time history of ground acceleration for Mw6.0 event. 
 
Table 8.2 lists the assumed initial guesses and final identified parameter values for the 4-DOF 
shear force model of the CWH building using the recorded data of Mw6.0. The parameters T1 
and ζ1 represent the fundamental natural period and damping factor. The identified 
parameters are then used to predict the response of the CWH building, while subjected to the 
Mw5.8 event. Comparison of the estimated model and recorded accelerations at the first DOF 
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Figure 8.7: Comparison of the estimated model and recorded accelerations for (a) the Mw6.0 
event and (b) the Mw5.8 event. 
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1921 1120 300 400 0.269 0.0088 1.42 5% 
Estimated 
(E6.0) 
1594 1261 336 458 0.661 0.0090 1.37 9% 
 
It can be seen that the assumed 4-DOF shear model was able to yield a very replication of the 
recorded accelerations from 42s to 60s for both events. However, the assumption of the 
superstructure as a three-DOF system only allows for three natural modes to be included in 
the response analysis, which leads to a less consistent match between the estimated and 
recorded accelerations from 32s to 42s when higher modes and greater deformation of the 
superstructure occurred during the strong shocks of the earthquakes. Thus, the flexibility of 
the CWH building was not exactly modelled using the 4-DOF linear shear model and a model 
with increased DOFs might produce a better replication of the actual response if more stories 
were instrumented for the CWH building during the earthquakes. 
 
However, it can be seen from Table 8.3 that the difference between the recorded and 
estimated peak accelerations are a maximum of 5.6% and 14.1% for the first and fourth DOF, 
respectively. In addition, Table 8.3 also lists the results of the cross correlation coefficients 
(Rcorrcoef) and the mean absolute percentage errors between the estimated model and recorded 
acceleration response to evaluate the point-to-point accuracy of the trajectory of identified 































































































































MAPE                            (8.36) 
where Xactual is the recorded accelerations, Xestimated is the estimated model accelerations, and 
N is the number of estimated data points.  
 
It can be seen from Table 8.3 that the values of MAPE for the Mw6.0 earthquake are small 
with the largest value of 5.1% and the values of MAPE for the Mw5.8 event are relatively 
larger with the largest value of 13.7%. However, the values of Rcorrcoef are more than 0.74 for 
both events, which indicates a strong positive correlation between the estimated and recorded 





Table 8.3 Difference between the recorded and estimated peak acceleration, Rcorrcoef and 







Recorded Estimated Error 
E6.0 
Mw 6.0 
DOF1 1201 1268 5.6% 0.80 5.1% 
DOF4 1742 1805 3.6% 0.76 3.9% 
Mw 5.8 
DOF1 771 778 1.0% 0.74 13.7% 
DOF4 1536 1753 14.1% 0.78 5.3% 
 
In addition, the recorded velocities and displacements computed by single and double 
integration of measured accelerations are compared to the model estimated results, as shown 
in Figures 8.8 and 8.9. It can be seen that the peak values of the estimated displacements and 
velocities are slightly larger than the recorded values. However, the phase of the time 
histories matched well between the estimated and recorded response. 
 
These results indicate that the identified linear shear force model can be considered to be 
sufficient for the prediction of the structural response during these two earthquake events. 
The CWH building performed elastically with no significant stiffness loss, as identified in 
Chapter 7, during these two events because the seismic response for both events can be 
predicted well using the identified parameters form the Mw6.0 event (E6.0). Hence, this cross 































Figure 8.8: Comparison of the estimated and recorded displacements for (a) the Mw6.0 event 








Figure 8.9: Comparison of the estimated and recorded velocities for (a) the Mw6.0 event and 




8.5.2 Second Cross Validation 
The recorded data of the Mw5.8 event was also used to identify the model parameters as 
listed in Table 8.4, and the identified parameters were then used to simulate the response of 
the 4-DOF model subjected to the Mw6.0 event. This approach reverses the analysis of 
Mw6.0 to further assess the seismic performance of the CWH building, as well as the 
robustness of the identification method. Table 8.5 lists the results of comparison of peak 
accelerations between the recorded and estimated response, and the calculated Rcorrcoef and 
MAPE. 
 
















1921 1120 300 400 0.269 0.0088 1.42 5% 
Estimated 
(E5.8) 
1633 1043 305 395 0.607 0.0171 1.45 10% 
 
Table 8.5 Difference between the recorded and estimated peak acceleration, Rcorrcoef and 







Recorded Estimated Error 
E5.8 
Mw 6.0 
DOF1 1201 1050 12.5% 0.82 4.0% 
DOF4 1742 1528 12.2% 0.73 8.1% 
Mw 5.8 
DOF1 771 735 4.7% 0.84 4.2% 
DOF4 1536 1505 2.0% 0.76 10.9% 
 
It can be seen from Table 8.4 that the identified parameters, E5.8, using the data from the 
Mw5.8 event are slightly different from the identified parameters of E6.0 in Table 8.3 using 
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the data from the Mw6.0 event. This discrepancy could be caused by the effect of the 
adjacent Christchurch Hospital building with interconnecting walkways at the bottom four 
floors and soil-structure interaction (Gavin and Wilkinson, 2010; Kuang et al., 2015). 
However, the difference of peak accelerations between the recorded and estimated response 
are less than 4.7% for the Mw5.8 event and 12.5% for the Mw6.0 event, respectively. The 
MAPE values are less than 10.9% for both events. In addition, the values of Rcorrcoef are more 
than 0.76 for the Mw5.8 event and 0.73 for the Mw6.0 event, respectively. Thus, given very 
similar results with good, albeit not perfect matches to the prior, reversed analysis, the 
identified parameters E5.8 also well predict the seismic response for both events and yield 
slightly better estimated model response. 
 
8.6 Summary 
This chapter identifies the equivalent stiffness and damping coefficients of the base isolated 
CWH building based on a 4-DOF linear shear force model during the two major earthquakes 
in Christchurch that occurred within a few hours in December 2011. Numerical validation of 
the proposed identification method showed that the estimated structural parameters converge 
from a range of initial guesses and are generally robust to added noise, which validates the 
method is capable of identifying the stiffness and damping coefficients accurately with the 
lack of the response data from the second and third DOF. 
 
The timing of these two large events permitted a unique cross validation identification 
analyses of the CWH building, which showed that using identified parameters from one event 
provided a very good match of the model and measured response for the other large event. 
These independent validation tests provide a strong validation for the chosen model and 
method. Comparison of the measured and identified model response also show that the 
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structure behaved essentially linearly in both events, regardless of the event used to identify 
the model, and that the base isolation system acted in the stiff linear range in both events. All 
of these results match the identification results in Chapter 7 and other preliminary published 
reports. Thus, this method and approach provide good estimates of the structural properties 






Chapter 9:  Conclusions 
This thesis examines structure health monitoring from a unique perspective. Its main goal is 
to create practical, efficient SHM methods that clearly delineate changes in stiffness and 
plastic deformation with accuracy and location. To date computationally efficient methods to 
accomplish these goals for nonlinear structures have been lacking, preventing greater uptake 
of SHM. 
 
This research develops and validates a model-free hysteresis loop analysis (HLA) method for 
damage identification and structural health monitoring of civil engineering structures 
subjected to earthquake excitations. Overall, the reconstructed hysteresis loops capture 
crucial linear and nonlinear structural characteristics associated with seismic damage during 
earthquakes. The HLA method developed provides a novel and relatively very simple means 
application to accurately detect, localize and quantify structural damage for different types of 
hysteretic structures during or immediately after an earthquake.  
 
Importantly, structural degradation and damage that may not be visible were identified by 
tracking elastic stiffness, effective linear stiffness and/or plastic stiffness over time for both 
experimental RC structures and calibrated numerical models. Real data from a base-isolated 
building was also used to validate the method and demonstrate its utility. Finally, the model-
free HLA method was able to clearly demonstrate its advantages over any of the vibration-





The HLA methods were developed in Chapters 2 and 3 for SODF structural system with 
different type of hysteretic behaviours, including flag-shaped and more complex hysteretic 
pinching behaviour. The LLTR method based on least squares liner regression and the log 
likelihood hypothesis test is capable of identifying the underlying physical parameters from 
the reconstructed hysteresis loop of a SDOF flag-shaped hysteretic structural system. A 
threshold for ignoring narrow nonlinear half cycles enables accurate estimation of the post-
yielding stiffness, and good estimates of the pre-yielding stiffness, yield displacement and 
hysteretic energy dissipation can be obtained without using the threshold. A sensitivity 
analysis showed that the LLTR method is robust to a wide range of linear and nonlinear 
earthquake events, as well as different levels of measurement noise that are close to, or higher 
than, practical environmental and sensor noise in today’s state of the art.  
 
Further, a modified HLA method based on the F type test allows for an independent statistic 
test at each regression function, which thus enables the identification of more complex 
hysteretic pinching behaviours and also improves the computational efficiency. Proof-of-
concept validation using various SDOF hysteretic pinching models indicates the method is 
robust to evolution in response model parameters or degradation in the presence of different 
noise levels and damping ratios. Hence, it is able to handle nonlinearity, as well as evolving 
nonlinearity, in response and structural properties. 
 
The extension of the HLA-based SHM method for MDOF structural systems was readily 
implemented with measurements data available or reliably estimated at each DOF of the two 
RC experimental buildings in Chapters 4-6. The two 12-storey RC buildings can be 
accurately represented using equivalent 6-DOF systems, the dynamic responses of which are 
dominated by the fundamental mode of vibration. Hysteresis loops were reconstructed for 
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each DOF using the corrected estimations of displacements, velocities and accelerations 
based on a Multi-rate Kalman filter, low-frequency GPS measured displacement method 
and/or by simply using a band-passing filter if only acceleration is measured. Hence, the 
ability to obtain measurements from existing, low-cost sensors ensures this approach is 
possible with minimum added investment in cost, computation or complexity. 
 
Severity assessment and localization of structural degradation for damaged floors in these 
MDOF cases is achieved by tracking the changes in structural stiffness over time, if damage 
occurs in those layers. The SHM results for the single-bay experimental RC building 
subjected to the SHW1 event clearly shows that the method is capable of identifying damage 
that was not evident by external visual appearance, and also offers significant advantages and 
insights in detection location and severity of damage over any typical frequency analysis. 
Hence, it can detect damage accurately and robustly, as well as, critically, damage that may 
not be found by traditional methods. 
 
The identified elastic stiffness in this MDOF case, found by selecting the significant half 
cycles, matched well over different earthquake events for both MDOF RC experimental 
buildings, which thus validated the continuity and accuracy of the method, and also indicated 
no significant degradation occurred during small half cycles. To date, no prior experimental 
on nonlinear SHM method has demonstrated the ability to detect damage this accurately or 
the continuity of that detection. It thus provides significant validation well beyond other 
published SHM methods. 
 
The application of wavelet multiresolution analysis enables extraction of the effective linear 
stiffness from the identified nonlinear structural stiffness using the HLA method. The 
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effective linear stiffnesses were identified consistently between the large and small events, 
thus providing a further useful tool to characterize structural deterioration when the elastic 
range is negligible during small responses or after the more common small events. Changes 
in natural frequency due to structural deterioration were also estimated accurately using the 
identified effective linear stiffness at each storey, which thus furthers validate the accuracy of 
the SHM results and the ability to localize damage occurrence. This approach thus extends 
the capability and potential of this overall approach to much smaller and more common 
events.  
 
Seismic damage for the experimental RC buildings was mainly caused by the cracking of 
concrete at the beam-column joint connections, rather than excessive plastic or yielding 
deformations as observed in SMRF structures. Stiffness degradation could also occur for the 
floors without visual damage, while no yielding behaviour was observed in the response. 
Thus, the elastic stiffness and efficient linear stiffness were found to be more efficient 
damage indices for the SHM of the RC structures with hysteretic pinching behaviours than 
plastic deformation along. 
 
The model-free HLA method has shown a more effective performance in identifying the 
highly nonlinear RC structures compared to the model-based method. It avoids constraints to 
a single or fixed baseline model, and is thus fully generalizable to different types of structural 
behaviours that the underlying assumed model of a mode-based method cannot always 
capture. It is also not a completely black box approach as it is implicitly based on 
fundamental underlying structural mechanics and uses a far simpler computational method, 
thus enabling a higher computational efficiency than GA’s and many other nonparametric 
algorithms.  
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As a further validation example, the base-isolated CWH building behaved entirely linearly 
during two similarly sized large earthquakes Mw5.8 and Mw6.0 occurring within a few hours 
in Christchurch. For the base isolator, the hysteresis loop can be directly reconstructed using 
measurements below and above the isolator. The identification of the hysteresis loop for the 
isolator using the HLA method indicated the base isolator did not provide any effective 
yielding performance for energy absorption from the design intent and prediction, and acted 
as a linear stiffness value matching “the corrected design stiffness”, thus identifying a key 
isolation failure. 
 
In addition, higher modes of vibration were involved in the dynamic structural response of 
the superstructure of the base-isolated CWH building during the strong shocks, thus leading 
to the lateral stiffness manifested in the hysteresis loop behaving in a flexible manner rather 
than a linear manner as identified in the aftershocks. A three DOF model was used for the 
superstructure to allow for three natural modes to be included in the response analysis in 
Chapter 8, resulting in a better replication between the model response and recorded 
response.  
 
The structural parameters of the 4-DOF linear shear model identified based on the Gauss-
Newton method from one event provided a very good match of the model response and 
measured response for the other large event. These unique cross validations thus permitted 
significant, independent validation for the sufficiency of the chosen linear model and method 
for the base isolated CWH building. Therefore, this outcome provides good estimates of the 
structural properties for any subsequent modelling of the structure from which to propose and 
design any needed retrofit.  
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Overall, this thesis developed an efficient HLA-based SHM method to ensure a rapid 
assessment of the structural damage and safety during or immediately after an earthquake. 
The method has been experimentally validated using two similar RC buildings with different 
types of linear and nonlinear hysteretic behaviours, and further proven using the real data of a 
based-isolated building. Finally, the method has shown its advantages by comparing to other 
types of SHM methods, including model-based methods and vibration-based methods.  
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Chapter 10:  Future Work 
This thesis has developed an efficient SHM method based on the identification of the 
reconstructed hysteresis loop of structural system. Successful performance of the HLA 
method has been validated against both experimental and real data. Several areas of further 
interest have also been identified as a result of this work. The areas of particular interest for 
future work are detailed within this chapter. 
 
10.1 P-delta Effect 
The P-delta effect is essential in structural analysis for tall and heavy buildings, particularly 
when the structure is subjected to significant lateral deformation. The secondary P-delta 
effect may lead to a negative post-yield stiffness and the displacement responses tend to be 
amplified in one direction, which may cause the dynamic instability at a rapid rate and highly 
increase the potential risk of building collapse during strong earthquakes. In this thesis, the P-
delta effect was not simulated in the numerical models, and the negative stiffness commonly 
caused by this P-delta effect is not observed from the experimental buildings either. Thus, the 
ability of this method to identify the P-delta effect remains to be validated in the future work. 
However, the proposed method in this thesis avoids the consideration of any pre-defined form 
of structural behaviour. Thus, the P-delta effect should be observed with an additional 
segment after the post-yielding segment in the reconstructed hysteresis loop, if there is any. 
Therefore, the main focus in the future work is how to assess this P-delta effect on structural 
degradation using the identified regression coefficients. 
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10.2 Effect of Damping Force on the Identified Paramters 
In this thesis, the estimated stiffness value is more real and close to the true stiffness of the 
structure, because the damping force is separated from the restoring force with the 
assumption of a 5% viscous damping coefficient that is regular used in spectral design 
analysis. More importantly, the effect of variable damping ratio on the estimated parameters 
of the SDOF system was also investigated in Chapter 3, which indicate the damping force is a 
relatively small part of the total restoring force during both elastic and plastic responses. 
However, the damping force is changing over time and different types of structures. Thus, the 
effect of the damping force on the identified parameters for both the MDOF numerical 
models and real structures still needs to be investigated in the future work. 
 
10.3 Defining Acceptable Damage Levels or Safety Limits 
The developed method has shown its ability to accurately track the evolution of structural 
stiffness and/or the accumulation of yielding deformation if occurred. If these identified 
damage indices exceed pre-defined damage levels or safety limits, an alarm or other notice 
can be provided immediately to emergence response and/or the owner and managers of the 
structure without detailed engineering analysis. Although the experimental investigations of 
the two typical RC frame buildings in Chapters 4-6 have provided significant insights into the 
effect of stiffness degradation on damage severity and cracking patterns, as well as the 
changes in hysteretic behaviours, delimiting such detailed damage levels and acceptable 
values for allowing reoccupation should be incorporated with a range of different structures. 
Indeed, every structure is unique and the idea of having structure specific or even storey 
specific damage is still relatively a novel idea. Therefore, further research remains to be 
undertaken before the field as a whole can assess or define what level of damage is 
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acceptable or what pre-defined value is appropriate for the alarm outside of the more obvious 
and extreme cases. 
 
10.4 Considerations of Non-structural Components  
The proposed HLA method has been successfully validated against two experimental RC 
buildings subjected to different levels of earthquake events that lead to both linear and highly 
nonlinear hysteretic behaviours in the structural response. However, these two buildings were 
built without any structural shear walls and non-structural elements, such as partitions, 
stairways and masonry walls. Investigations of building performance during earthquakes has 
shown that numerous building failures result from the neglecting of the structural 
modification induced by the addition of non-structural elements (NISEE) that affect the 
dynamic response the structural system. Thus, it will be important to validate the 
performance of the method on more typical structures, in which non-structural elements are 
built to consider the interaction effects of the non-structural components on structural 
response. 
 
In addition, occurrence of stiffness degradation in the two experimental RC buildings in this 
research clearly indicated structural damage or visible cracking at the beam-column joints. 
However, non-structural damage could also occur and cause stiffness degradation during an 
earthquake, particular in very flexible structures, in which case only non-structural 
components need to be removed for the retrofit of the building without any structural 
damage. Therefore, it would be useful if damage category can also be determined to enable 
an optimum repair plan after an earthquake. 
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10.5 Optimum Sensor Deployment 
The two 12-storey experimental RC buildings in Chapters 4 and 6 were reduced to 6-DOF 
systems justified based on the fact that the structural responses were dominated by the 
fundamental mode during the earthquakes. However, higher modes could be involved in the 
dynamic response of some complex structures designed with evident changes in stiffness, 
such as the CWH building in Chapter 7, in which case an equivalent system cannot be 
obtained using the approximation method in Chapter 4. It may be possible to measure the 
accelerations and/or displacements at each floor during the earthquakes. In that case, the 
hysteresis loops could simply be reconstructed accurately at each floor for the 
implementation of the HLA method, but it would also highly increase the cost of the 
monitoring system. In addition, the installation of sensors could also affect the operation of 
equipped electronic devices and utilities in some functional stories of important 
infrastructures, such as hospitals. Therefore, using limited sensors for damage identification 
is important in the real application of SHM. Optimum sensor deployment will capture the 
dominated modes in the structural response, which ensure the reduction of DOF account for 
the involvement of higher modes. Thus, an accurate input force can be obtained for the 
reconstruction of hysteresis loop of the equivalent system required by the HLA method. 
Another interesting work will be the response prediction of the unmeasured floors based on 
the modal analysis and system identification method. 
  
Only one direction of earthquake input is considered in both the numerical models and the 
experimental buildings within this thesis. However, the earthquake excitations are three 
directions in reality, which could cause significant torsional components in the dynamic 
response with irregular hysteresis loops. In addition, the method is based on the analysis of 
the hysteresis loop. Thus, it is critical to build the hysteresis loop that can accurately capture 
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the desired dynamic behaviours using the installed sensors. In the numerical examples in 
Chapters 2, 3 and 5, the numerical models are assumed to be rigid and the reconstructed 
hysteresis loop can thus accurately represent the true response of the model. However, the 
slab or beam where the sensors are installed for real structures could be very flexible, and the 
responses of different location at the same story might be very different due to the torsional 
and bending effect, in which case the shape of hysteresis loop depends on the location of the 
measured response at the same floor. Therefore, the reconstruction of a suitable hysteresis 
loop for real structures by eliminating the slab torsion and beam bending effect will be 
studied in the future work. 
 
10.6 Reconstruction of Hysteresis Loops Automatically 
If both noisy accelerations and displacements are measured, the hysteresis loop can be 
reconstructed automatically using the corrected displacement, velocity and acceleration based 
on the multi-rate Kalman filter in Chapter 6. The identification algorithm can then be 
implemented automatically without requiring human input. However, the displacements and 
velocities were obtained by direct integration of measured accelerations after a band pass 
filtering with a cut-off frequency of 0.5-20Hz to eliminate low and high frequency noise in 
Chapter 4. Thus, a user selected cut-off frequency is needed to reconstruct the hysteresis loop 
when only acceleration is available for the structure. To perform the whole algorithm 
automatically, a signal processing method that can automatically filter the noise-
contaminated acceleration to obtain the unmeasured displacement and velocity, will be 
considered in the future work. Equally important, the effect of different cut-off frequency on 
the identification results should be assessed, although, the HLA method has shown its 
robustness to different levels of noise. 
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10.7 Application in the Field Monitoring 
Although the method has been tested against the real data from the base-isolated CWH 
building, the dynamic behaviours of the superstructure are largely linear and thus do not 
stretch the algorithm. The implementation of the algorithm still requires engineering analysis 
operated by the profession before the final validation against dynamic and plastic real data. 
However, the research within this thesis has provided all the basic tools and proof-of-concept 
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